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Preface
There is a saying that “if you build it, they will come.” This book attempts to test that motto. Most 
state public health data are administratively collected for speci�c mandates and funding agency 
requirements. Each dataset has some strengths and weaknesses. The smart use of public health data 
is to enhance administrative data through data linkage, so that strengths from each dataset can be 
leveraged and the weaknesses can be compensated. We build this data infrastructure so that public 
health programs and research communities can use it effectively at a local level.

There is another saying: “all politics is local.” When applied to public health, we can say that all 
public health is local. National public health campaigns, such as enacting smoke-free legislation, are 
organized locally. Important public health concerns differ from place to place. Some places face air 
pollution, some face physical inactivity, and some face an insuf�cient healthy food supply. When 
public health policies and programs are designed and implemented at the local level, they are most 
effective if public health issues can be articulated using local data. We now realize the importance 
of individualized medicine, but public health has always been localized. In public health research, 
however, there is a tendency to ignore local data. Researchers tend to seek national-level data and 
re�ne research issues that are generalizable and transferable, which directly contradicts localized 
public health. In this book, we attempt to show that it can be rewarding to use localized public 
health data, in this case from Nebraska, that may or may not be generalized to other states. In addi-
tion, all data used in this book have been geocoded to the census tract level. Hence, if we want to go 
more local, we can go down to the neighborhood level.

Finally, Rome wasn’t built in a day. Building public health data infrastructure takes time, and one 
has to be patient. In this book, we propose a bottom-up approach to building an integrated public 
health data warehouse. The book has three sections. Section I has seven chapters devoted to knowl-
edge and skill preparations for recognizing disparity issues and integrating and analyzing local pub-
lic health data. Section II provides a systematic surveillance effort by linking census tract poverty to 
other health disparity dimensions. Section III provides in-depth studies related to Sections I and II.

Although I believe that the greatest use of my life is to spend it devoted to something that will 
outlast it, I am sure that I will have some regrets when this book is in print. As a nonnative English 
speaker, and someone who wants to do all analyses by myself, I am sure there are some mistakes 
that I have not been able to catch. I take full responsibility for them, and I hope to have a chance to 
make corrections. A nice thing about doing it all by myself is that I have saved all the SAS codes 
for data analyses. With proper data use authorization, all the data in the book can be considered 
secondary data that can be readily used for training and other data analyses.
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1

1 Enhanced Public Health 
Program Collaboration 
through Data Integration

1.1  INTRODUCTION

Public health assessment and surveillance require programs to seamlessly collaborate and work 
together, not only on emergency issues, but also on daily issues such as chronic disease preven-
tion and health risk reduction. Historically, public health functions were served by a few entities 
or individuals and, in many cases, by the same individuals, or a team led by the same individuals. 
Two thousand years ago, Hippocrates studied the impacts of our surrounding environment, such 
as climate, soil, and water, on health. He used his knowledge, such as avoiding dampness and 
swamps in residential locations, to guide the settlement of Greek colonies in other parts of the 
Mediterranean. Quarantine, which was �rst introduced in the Middle Ages in Venice, also requires 
collective actions or collaborations among different individuals or programs. In medieval times, 
food inspection, disinfection, waste disposal isolation, and quarantine were regulated by medieval 
city councils.

In the United States, collective actions and cross-referencing multiple datasets for disease 
surveillance have a long history (Rosen, 1993). Shattuck’s 1850 report recommended that health 
prevention programs in Massachusetts use mortality data, population census data, and location-
speci�c incidence, occupation, and socioeconomic status (SES) data. Based on John Snow’s study 
in London, the New York Board of Health in 1866 instituted sanitation measures that included 
inspections, immediate case reporting, complaint investigations, evacuations, and disinfection of 
possessions and living quarters. These efforts kept an outbreak of cholera at bay, while cities with-
out a public health system for monitoring and combating the disease fared far worse in the 1866 
epidemic. Similar collective efforts, such as information sharing followed by immediate actions, 
have persisted in infectious disease control. However, as programs are getting bigger and bigger, the 
collaboration root of public health is getting weaker and weaker, especially in the area of chronic 
disease prevention. The erosion of the collaboration tradition of public health programs has caused 
major concerns in information sharing and interprogram disease surveillance and prevention.

The fragmentation of public health programs and lack of communication among them are rooted 
in organizational and funding stream fragmentation, which individuals can hardly overcome. In the 
process of drafting the Institute of Medicine (IOM) public health report (1988), the U.S. Committee 
for the Study of the Future of Public Health visited six states in the United States and identi�ed 
several issues. In terms of public health organizations, the committee found that regardless of orga-
nization, health services were often fragmented along organizational lines, with almost no commu-
nication among the public health–related programs or organizations, such as mental health, social 
services, and public health services. The committee identi�ed 10 barriers for effective public health 
actions, and 3 of them related to translating data to knowledge. They included disjointed decision 
making without necessary data and knowledge, organizational fragmentation, and disparate knowl-
edge development across the full array of public health needs. To the greatest extent, these assess-
ments are still true, and in some cases, they are even exacerbated.

As a result, when new questions or challenges arise that require collaboration, individual public 
health practitioners (e.g., surveillance specialists and epidemiologists) often do not have the time 
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and energy to spend on them. Since the IOM report, tremendous progress has been made in integrat-
ing data at both the national and state levels. In addition, many individual programs and individuals 
from a program often take their own initiatives to collaborate and use integrated data to advance our 
knowledge in public health. In this book, we promote data integration to aid crosscutting program 
collaboration. Figure 1.1 provides a diagram to highlight our idea. Each silo in the �gure represents 
a public health program, and the circle represents a crosscutting activity table. Data integration 
provides a common language among programs to share and act on.

Such a data integration approach is the key to evidence-based health disparity assessments. A key 
dimension in health disparities is racial disparities in health. The traditional program-based public 
health activities and reporting are based on each silo, such as women’s health, the cardiovascular 
disease (CVD) program, the cancer prevention program, smoking and tobacco control, and home 
visitation. Health statistic reports within a public health agency are also organized by public health 
program or subject area. Examples include behavioral health, mental health, vital statistics, cancer, 
and radon reduction. If one wants to conduct a racial health disparity assessment, data have to either 
come from many programs or cut through many program areas. In addition to race or ethnicity, SES 
also cuts through many programs. As a disparity assessment expands to cover more program areas 
along a health disparity dimension, it is natural that the resultant report would lack depth and rely 
on programs to carry out in-depth assessments.

The focus on width and crosscutting in health disparity assessments �ts well with chronic dis-
ease surveillance. Years after the epidemiologic transition in the United States, the Centers for 
Disease Control and Prevention (CDC) started to develop chronic disease indicators, which cover a 
wide range of public health areas from many datasets (CDC, 2004). Surveillance based on chronic 
disease indicators means pulling and manipulating data from different sources, programs, agencies, 
and organizations. In 2013, the expanded list of chronic disease indicators included 124 indica-
tors and 201 individual measures from more than 20 data sources (CDC, 2015). Monitoring those 
indicators requires data integration, program and agency collaborations, and unprecedented infra-
structure development. Analogously, the requirements for monitoring chronic disease indicators are 
also applicable to capacity building for health disparity assessments. In the rest of this chapter, we 
�rst review some of the efforts at the national and state levels and then summarize data integration 
efforts in Nebraska. Finally, we provide an outline of the book.

1.2  DATA INTEGRATION AT THE NATIONAL AND STATE LEVELS

At the national level, the National Center for Health Statistics (NCHS) has a data linkage pro-
gram for linking interagency datasets. The National Health Interview Survey (NHIS), National 
Health and Nutrition Examination Survey (NHANES), and Longitudinal Study of Aging have 
been linked to the National Death Index (NDI) for mortality outcomes. These datasets have also 
been linked to Medicare enrollment and claims data and Social Security Administration (SSA), 
Retirement, Survivors, and Disability Insurance (RSDI), and Supplemental Security Income 

Collaboration
Data
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FIGURE 1.1  Data integration and program collaboration.
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(SSI) data. In addition, the National Institutes of Health (NIH) and National Science Foundation 
(NSF) founded surveys such as the Panel Study of Income Dynamics surveys and the Health and 
Retirement Survey that have both been linked to the Medicare claim data to obtain health care 
costs and diagnoses from respondents. Surveillance, Epidemiology, and End Results (SEER) cancer 
registry data have also been linked to Medicare records. In addition, individual respondents in most 
national surveys are also geocoded to the census tract unit to obtain neighborhood characteristics. 
Most federal linkage programs have broad public policy impacts and have generated countless aca-
demic publications, policy brie�ngs, and data reports. Together, they demonstrate the fruitfulness 
of these collaborations.

At the state level, programs in data sharing and data integration have been uneven. Most states do 
not fund large-scale surveys. The Behavioral Risk Factor Surveillance System (BRFSS) is funded 
by the CDC. Respondents from the surveys cannot be identi�ed or linked to other health claim and 
mortality data. However, some states use BRFSS as the basis to conduct sampling among children, 
such the Children’s Health Assessment Survey (CHAS) in South Carolina, in which case both the 
parents’ survey and children’s health survey can then be linked. In addition, some state and city 
surveys, such as California Health Interview Survey (CHIS), have added geographic and environ-
mental variables. Other than survey data, individual states have their own priorities, and some 
data are linked for case �nding and ascertainment and health outcomes. Depending on need and 
sometimes leadership, some states had a robust data integration program for a few years, and then 
discontinued it.

South Carolina, for instance, had a vibrant data linkage program across many state agencies. 
The program was part of the federal initiative that provided funds to states with the intent to link 
administrative data from many sources to identify welfare recipients (Ver Ploeg et al., 2001). The 
program in South Carolina was wide ranging, with its impacts extending far beyond the original 
program design (Wheaton et al., 2012). The initial project attempted to check eligibility for par-
ticipation in social services, mental health services, disability services, alcohol and drug abuse 
programs, educational programs, the criminal justice system, elderly services, housing programs, 
public safety programs, and disease, immunization, and child abuse registries in more than a dozen 
state government agencies. The integrated data were also designed to determine the prevalence of 
many diseases and conditions via hospital discharge data and emergency visit data for recipients 
of food stamps or Temporary Assistance to Needy Families (TANF). It turned out that the system 
was much more useful than originally designed. An example is identifying children with special 
care needs (CSCN), such as juvenile-onset diabetes, complex congenital heart disease, and genetic 
syndromes (trisomy 13, 18, or 21). The Children’s Rehabilitative Services (CRS) in the Department 
of Health and Environmental Control provided services to CSCN. The CRS used International 
Classi�cation of Diseases, Ninth Revision (ICD-9) codes from Medicaid, inpatient hospitalization, 
outpatient surgeries, emergency department visits, and the state government employee health plan 
to identify CSCN. In addition, it linked relevant data �les from the Department of Mental Health, 
the Department of Disabilities and Special Needs, the Department of Vocational Rehabilitation, the 
Department of Education, and the Department of Social Services. By integrating all of these sepa-
rate systems using the de�nition provided, an unduplicated list of more than 340,000 children with 
special health care needs was developed. This was in stark contrast to the 10,000 CSCN that the 
CRS served at the time. Although the linkage program in South Carolina generated many external 
bene�ts, the lack of a sustainable operational model among agencies eventually doomed its fate. 
The statewide program of health service data linkage and integration ceased due to recessions and 
other funding issues.

In most cases, funds are provided through an existing public health program for data linkage that 
is narrow in scope and practice. In Chapter 14, we review birth outcome–related linkage programs. 
Here, we review one of the recent programs: the Special Projects of National Signi�cance Program’s 
Systems Linkages and Access to Care for Populations at High Risk of HIV Infection. The initiative 
funded six demonstration states (Louisiana, Massachusetts, New York, North Carolina, Virginia, 
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and Wisconsin) to design, implement, and evaluate innovative strategies to integrate different com-
ponents of the public health system, such as surveillance, counseling, testing, and treatment, to 
create new and effective systems of linkages and retention in care for hard-to-reach HIV popula-
tions who have never been in care, have fallen out of care, or are at risk for falling out of care. The 
prison population is hard to reach, and the Louisiana project was designed to expand HIV testing to 
jails and prisons, so that prison and jail linkage coordinators and peer coordinators can be utilized 
to provide prerelease planning services to HIV-infected inmates and ensure they are linked with 
appropriate medical and social services before release. All of these pilot projects had a novel com-
ponent that differed from that of the other states. A challenge is to identify a sustainable linkage 
operation targeting a speci�c population or program common to all the states.

Both the federal and state data linkage initiatives suggest that technologies for data linkage 
have matured enough that it would not be dif�cult to implement at any level. However, program- or 
project-based data linkage has been piecemeal, and it tends to generate few external bene�ts beyond 
the program’s speci�c needs. For instance, the breast and cervical cancer screening program, or 
what used to be called the Every Woman Matters (EWM) program in Nebraska, is required to link 
the positive screening individuals to a cancer registry to verify their Medicaid care status. Program 
staff involved in data linkage can easily conduct a program evaluation project by incorporating a 
data linkage component, but the lack of communications between programs hinders program spe-
cialists to go beyond a program-mandated evaluation. However, the program epidemiologist is not 
trained or authorized to analyze cancer registry data, while the cancer epidemiologist or biostatisti-
cian is not required to analyze EWM program data. For this reason, both programs rarely go beyond 
their mandated requirements to conduct cross-program data analysis projects. There are many simi-
lar programs within a state public health agency, and they conduct routine and ad hoc data linkage, 
serving regulatory and other funding requirements, but they rarely go beyond mandated operations. 
Such smaller linkage operations are inef�cient with limited externalities. If resources can be pooled 
together, then a bottom-up linkage operation can be sustained through the participation of all rel-
evant programs. Such an approach is infrastructure-oriented data linkage. In addition, to serve the 
existing program data linkage needs in a business-as-usual mode, the infrastructure-based data 
linkage products can enhance program collaborations that could never be achieved through piece-
meal data linkage through each silo program.

1.3  INFRASTRUCTURE APPROACH TO DATA INTEGRATION

Most data linkage initiatives above are project oriented. Even though they provide data integra-
tion and data sharing, they tend to focus on integrating a number of datasets to enhance one 
dataset. Alternatively, we could think of public health data integration from the infrastructure 
building perspective. This perspective is to �nd the best way to enhance data infrastructure for 
broad public health applications. Program-based data integration and enhancements tend to focus 
on a program’s need. For instance, a social determinant project for the CVD program would only 
extract CVD-related diseases and outcomes from the hospital discharge data. Any data enhance-
ments (e.g., geocoding patients to census tracts) and data integration (e.g., linking census tract SES 
variables) would be program speci�c. The infrastructure building perspective, in contrast, would 
geocode the entire hospital discharge data and link them with census tract variables, so that many 
programs would be able to use the hospital discharge data to extract program-speci�c diseases 
and outcomes, together with enhanced variables. A major goal is to level the public health practice 
�eld so that smaller or poorly funded programs can just as easily access and use enhanced data as 
the well-funded programs. At the same level of data integration platform, public health programs 
can use enhanced data for collaboration, and researchers can use the enhanced data for secondary 
data analysis. 

To enhance public health data infrastructure, we felt that the guiding principle should be that 
once a program dataset is linked to another dataset, it should be good for crosscutting collaboration, 
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rather than going back to the silo. Health disparity assessment is a crosscutting activity among pro-
grams; if we keep thinking about what needs to be done to enhance data elements in health disparity 
assessments, the eventual integrated data are likely to serve many programs. In a program-oriented 
data linkage project, a program dataset is often linked to another program’s data for a project-
speci�c need. As shown in Figure 1.1 (dashed line), a program-to-program request is suf�cient, 
and it does not require communications with other programs. A health disparity–oriented data 
linkage project is more comprehensive; it almost always requires crosscutting activities and com-
munications among many public health programs. Regardless of which disparity dimension (race or 
ethnicity, gender, SES, or rural–urban status) is investigated, a comprehensive report often requires 
data extraction from many existing programs, and comparisons are made for many diseases or con-
ditions. In Figure 1.1, the solid lines represent an infrastructure enhancement project that requires 
linkable data from major public health programs. After data linkage and integration, all programs 
on the table can collaborate based on shared data resources and linked variables.

In order to have program data talk to each other, it is necessary to develop a master data index 
that creates an index sheet for all program data. Through the master index sheet or lookup table, a 
record in a program can then be found in all indexed programs. Such an index has no differences 
in how customers are indexed; for example, for a utility company, a customer could be indexed by 
the (1) location for the meter reading, (2) type of repairs and maintenance requirements, (3) billing 
records, and (4) repair history. Although it is relatively easy for a utility company to index a custom 
on initiation of the service, it is not straightforward to index public health participants through vari-
ous programs after they have been in the program databases for years. In this book, we proposed a 
bottom-up approach of indexing public health participants.

The infrastructure enhancement approach �ts well with health disparity assessment projects. 
Most states in the United States have a minority health or health disparity program. However, most 
administrative data are collected through speci�c funding streams or mandates that do not budget 
for extra data integration efforts. A state minority health program is a good example. Normally, a 
state minority health program is responsible for administering and evaluating some block grants 
that would improve the health status among minority participants. A state minority health program 
is also responsible for releasing reports on minority health status, in which data can be pulled from 
many other programs. However, some program data do not have race and ethnicity variables. In 
addition, pronounced health disparities are often observed along rural–urban status and SES, and 
reporting along these dimensions tends to fall on the shoulder of a minority health and health dis-
parity program. Since few program data include income, SES is often derived through census tract 
information that requires placing program participants in a census tract or geocoding.

The infrastructure enhancement approach to data integration should be sustainable without 
outside funding. This is analogous to building a highway. At the initial stage, external funding may 
be needed to integrate the data backward and set up a baseline analysis. As the data or informa-
tion highway is built, it should be sustained on its own. The service provided by the information 
highway should cover its maintenance costs. If the maintenance costs exceed potential bene�ts 
generated from data services, then the data infrastructure enhancement project is not considered a 
success. Integrating and linking major public health program data sounds daunting, but it requires 
relatively small efforts in terms of full-time equivalence (FTE). This is especially true once a 
master patient index is built and multiple program datasets are standardized. However, one of 
major infrastructure tasks that might not be sustainable is geocoding that matches patients’ or 
participants’ addresses to the geographic locations in terms of latitude and longitude, and then to 
a census enumeration unit, most often the census tract. For programs that have resources such as 
a cancer registry, geocoding can be done routinely. For programs that lack resources, geocoding 
is rarely included in their work�ow. In Chapter 6, we propose a master address index to geocode 
all statewide addresses. Through address standardization in the long run, the bulk of geocoding 
would become cross-referencing existing master address �les and incrementally geocoding new 
addresses.
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In assessing data enhancements, we kept three criteria in mind. First, all datasets should have at 
least a race variable that is fairly complete. Most datasets within public health programs meet this 
requirement with variable data quality issues. Datasets that do not meet this requirements include 
hospital discharge data and the Crash Outcome Data Evaluation System (CODES); in these cases, 
we had to link other data to either populate or create a race variable. Second, all datasets should 
have an SES variable that may include income, wealth, occupational status, and census tract poverty 
status. Since most data do not have income information, we settled with geocoding all records and 
assigning them with poverty-level information (<5%, 5%–10%, 10%–15%, 15%–20%, and >20%) at 
the census tract level. All datasets should be able to assign individuals according to their county of 
residence to urban and rural areas. We simply used a county population of >100,000 as the criterion 
to distinguish between urban and rural counties. In addition, we also kept the greater metropolitan 
Omaha–Lincoln area separate as an urban area. We realized that Grand Island became a metro-
politan county in 2010. However, most of our data were from before that year, when its population 
was <100,000, which could potentially trigger con�dentiality concerns if we singled it out by the 
year 2010. Finally, if a program is willing to participate in data integration, all data should have a 
minimum set of identi�able information for data linkage and for creating an agency-wide master 
patient or program participant index.

This book is for both multi-program-based data analysis and research-oriented secondary data 
analysis. Given the ever-increasing data volume and data sophistication, public health data scientists 
are in great need. Although program collaboration requires a multiprogram team, it takes a multi-
program trained data scientist or practitioner to pull everything together. We therefore aim to nour-
ish a new generation of public health data practitioners, who are not only knowledgeable and skillful 
for data integration, but also understand substantive issues of public health for multiple programs.

Although we could say that we used data primarily collected administratively for various pro-
grams, in reality, we used secondary data. As the primary purpose of data collection was to meet 
a program-speci�c mandate, program collaboration and disparity assessments were usually not in 
the database design. In addition, the original program data were not integrated either. One could 
argue that data analysis and disparity surveillance are part of mandates in many administrative data 
collections. If administrative data are used in research, then they are considered secondary data. If 
administrative data are used for public health surveillance, then they are exempt from the Health 
Insurance Portability and Accountability Act (HIPAA). In all data presentations, we attempted to 
meet the secondary data analysis guidelines even though our analyses were mostly at the surveil-
lance level. Data were generated by data analysts, and a secondary dataset was then generated with-
out names, addresses, date of birth, zip code, and county identi�ers. In order to track individuals, a 
record ID was generated that can be linked to individuals, and this ID does not have any connection 
to existing record IDs or other personal identi�ers used by any public health programs. To provide 
rural–urban status, county codes were used to generate the secondary data, but deleted for users 
who conducted data analysis. Likewise, most person-level data were geocoded to the census tract 
level, but census tract information was only used to generate poverty status. After poverty status 
from each census tract was attached to individuals, census tract IDs were deleted. In this way, even 
though our data analysis was borderline between data analysis and research, we did not violate any 
con�dentiality clauses stipulated in HIPAA. All data used in this book were at the state level; the 
only identi�cations at the person level are categorical rural–urban status, poverty status, age group, 
sex, and racial category within a state boundary.

1.4  CHAPTER HIGHLIGHTS

The infrastructure approach to data enhancement is to encourage public health practitioners and 
researchers to use the data. This book has three sections: Section I, Chapters 2 through 7; Section II, 
Chapters  8 through 12; and Section  III, Chapters  13 through 20. Creating secondary datasets 
and indexing multiple datasets are helpful, but there is also a workforce development piece, so 
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the �rst section prepares data analysts, giving them the basic knowledge and skills for disparity 
assessments. Chapter 2 describes major health disparity dimensions. Chapters 3 through 5 are for 
data preparation, which includes the descriptions of public health datasets, data linkage, and index-
ing. Chapters 6 and 7 provide measurements and statistical models for health disparity assessments. 
For informatics managers, this section provides a bottom-up approach, creating master data index 
for public health program participants and a master address index for enhanced geocoding. The 
second section, to some extent, is a test drive of the public health information highway that we 
have created. We took the social determinants approach and used the hospital discharge data to 
systematically assess health disparities. A variety of methods are used to highlight health disparity 
by SES (Chapter 8), sex (Chapter 9), rural–urban (Chapter 10), and race (Chapter 11) categories. 
Finally, Chapters 13 through 20 provide case studies. Each case study is closely related to a chapter 
in Sections I and II.

In Chapter 2, we develop conceptual and measurement frameworks on health disparity. We dis-
cuss each health disparity dimension in turn—race or ethnicity, gender, SES, rurality, and limited 
English pro�ciency (LEP)—using empirical data from Nebraska. We omit disability because the 
American Community Survey routinely releases disability data at the county and census tract levels 
by major demographic and SES dimensions. We highlight issues related to multiple races and their 
potential impacts on the magnitude of health disparities. In the discussion of gender differences in 
health, we emphasize those due to social, occupational, and family positions. Based on the calcula-
tion of life table and other empirical evidence, we also point out the morbidity–mortality paradox 
by gender: women live longer than men, yet women live with a greater number of comorbidities and 
have worse self-reported health than men. With regard to SES disparities, we discuss the impor-
tance of using area-based measures, as most administrative data do not have educational level and 
personal income. For both rural and LEP disparities, lack of access to care is a signi�cant issue.

In Chapter 3, we �rst introduce the use of administrative data. We argue that almost all admin-
istrative data belong to secondary data, at least to outside researchers. We describe important char-
acteristics of administrative data, such as limited variables, varied data qualities, and lack of time 
stamps. We then attempt to set out some criteria for assessing public health datasets. Using the 
criteria, we describe major administrative datasets commonly used by the Division of Public Health 
at the Nebraska Department of Health and Human Services (DHHS). It is noted that the division 
has access to more than 100 datasets. Examples include vital records, cancer registries, trauma 
registries, hospital discharge data, mental health data, and Medicaid claims data. We highlight their 
main use and applications in public health and point out their limitations.

In Chapter 4, we provide an overview of the data linkage methodology from an initial linkage 
assessment to the interpreting of the linkage results. We point out that many public health datas-
ets can be linked by a common identi�er, and important information can be gained through data 
linkage. Furthermore, even though the social security numbers (SSNs) are available, we are not 
authorized to use them for general record linkage applications. In addition, some people do not have 
a SSN, and some SSNs are incorrect. Hence, it is important to develop knowledge and skills about 
probabilistic data linkage. We describe in detail the four steps for data linkage: (1) data preparation, 
(2) matching and merging, (3) manual review, and (4) veri�cation. We also introduce some com-
monly used concepts in record linkage, such as matching rate, blocking, pass, weight, false positive, 
and false negative. Finally, we offer our views on training and privacy protection.

In Chapter 5, we provide a rationale for why it is necessary to integrate state public health data 
to improve data support ef�ciency and increase the value of existing datasets. To overcome cur-
rent technical and organization barriers, we propose a bottom-up approach to data integration and 
building a master patient index (MPI) for public health program participants, as well as for patients 
under public health surveillance. An MPI within a state public health agency can increase opera-
tional ef�ciency and communications and collaboration among participating programs. Workforce 
development in data integration requires learning from real-world practices and lessons learned. 
In this chapter, we provide three examples of how to implement a bottom-up approach to build 
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an MPI within the state public health agency. Based on examples and other practice-based data 
linkage projects, we can loosely connect more than a half-dozen data marts or program datasets. 
Each program was responsible for the maintenance of its data mart similar to its standard operation. 
The informatics unit maintains and updates the MPI by unifying a set of personal identi�ers and 
providing a link to each program data mart. All data marts together are in a federation that follows 
the existing protocol for data sharing.

In Chapter  6, we highlight the importance of geocoding, a process of assigning individual 
addresses to their geographic location. We propose a master address index approach to sustain 
geocoding operations. Theoretically, each standardized address should only be coded once to a 
very high quality. After updating new addresses for a while, there will be a very moderate effort 
in geocoding each year within the public health agency. In reality, low-quality geocoding is easy 
and cheap; people might just take an easy route to geocoding and sacri�ce quality. Since a major 
application of geocoding is to associate patient residential location to neighborhood SES variables, 
we also describe how to attach census tract data to geocoded coordinates. In addition, we introduce 
some exploratory spatial data analyses and spatial statistical methods.

In Chapter 7, we introduce study designs and common measurements for how to conduct health 
disparity surveillance. We stress that disparity surveillance is based on observational studies, and 
they often cannot meet the standards of experimental and cohort study designs. Although disparity 
surveillance may not need a research question, it does need a scope to frame surveillance questions. 
Measurement descriptions include rate, relative rate, odds ratio, rate ratios, standard mortality, and 
morbidity. In addition, we introduce the log-rate model or Poisson regression for incidence, Sur�ing 
regression for cyclic effects, and a quasi-experimental design for program evaluation.

In Chapter 8, we set up the analytical framework as well as empirical evidence for SES-based 
health disparity assessments in Chapters 9 through 11. We prefer the term surveillance to assess-
ment, as we emphasize width rather than depth of disparity assessments. We �rst set out the log-rate 
modeling approach and some study design issues, and then list steps on how to conduct comorbidity 
surveillance along the SES gradients de�ned by census tract poverty levels in a typical range of 
<5%, 5%–10%, 10%–15%, 15%–20%, and >20%. Using incidence or record-based data, we present 
in sequence comorbidity, hospital procedure, hospital readmission, and 1-year mortality for about 
40 diseases or conditions. With some exceptions for hospital procedures, most outcomes follow an 
SES gradient: poor neighborhoods tend to have a greater chance of hospitalization for most diseases 
and conditions.

In Chapter 9, we present another way of measuring disparities. We use age-standardized rates 
to assess gender differences in diseases and hospital procedures. In the context of the morbidity–
mortality paradox in demography, we showed that hospitalization data in general do not support the 
paradox. What sets our analysis apart from most gender difference studies is that we systematically 
use neighborhood SES in gender disparity surveillance. We show that among the 10 leading causes 
of deaths, the hospital-based prevalence rates were higher in high-poverty neighborhoods than in 
low-poverty neighborhoods by both genders. In addition, sex also interacts with SES, which either 
ameliorates or exacerbates some sex differences in disease rates.

In Chapter 10, we present yet another way of measuring disparities. We use principal diagnoses 
to examine rural–urban differences in common hospitalizations. We use the same set of diagno-
ses used in Chapter 8. We show that urban residents are more likely to be hospitalized than rural 
residents. SES gradients in health are much stronger in urban areas than in rural areas. In addition, 
we introduce travel distance and rural hospital bypassing rates by diagnosis. Depending on pov-
erty groups and diagnoses, rural hospital bypassing rates can be as low as 5% and as high as 72%. 
Traumatic brain injury, back problems, and cancer have the highest bypassing rates, while chronic 
obstructive pulmonary disease (COPD), bronchiectasis pneumonia, and asthma have the lowest 
bypassing rates. Finally, we present a case study of injury admissions by using E-code data.

In Chapter 11, we present yet another way to measure disparities. We conduct racial disparity 
surveillance by using patient or prevalence data. We use hospital discharge data by attaching race 
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information from multiple public health and other databases. We �rst assess some uncertainties 
associated with different uses of multiple-race categories in the census data for the at-risk popu-
lation. The �rst part of the chapter is devoted to methodological assessments. Our conservative 
calculations of standard hospitalization rates show that Blacks are twice as likely to be admitted 
to hospitals as Whites for most diagnoses. Decomposing race effects by neighborhood SES would 
enlarge the Black–White disparity for the midpoverty group, and White–other race disparities for 
the high-poverty groups. Our model-based estimates show that Blacks are not only more likely to 
be admitted, but also more likely to be readmitted to hospitals. While Blacks have higher mortality 
rates than Whites in major diseases, they are less likely to die in the hospital than White patients. 
Finally, we offer a case study in cardiac rehabilitation for acute myocardial infarction (AMI) 
patients. We �nd that Blacks and other races are much less likely to participate in an outpatient car-
diac rehabilitation program than Whites. These effects are independent of many risk factors, such 
as age, sex, SES, in-hospital procedures, comorbidities, and place of residence.

In Chapter 12, we use hospital emergency visit data that are part of outpatient claim data. One 
motivation of this chapter is that we have not touched emergency department (ED) data, and a 
demonstration of using ED data is needed. Another motivation is that we have not really evaluated 
age-based disparities, which are often related to age-based population vulnerability. Since many 
population vulnerability studies deal with public health preparedness, we offer two evaluations: one 
is to evaluate population vulnerability by place of residence and age group for in�uenza-like ill-
nesses (ILIs), and the other is to evaluate the impact of extreme weather on injury-related ED visits. 
We �nd that place of residence has little effect on ILIs, while the elderly group had a very different 
seasonal variation from that of the younger age groups, especially for the H1N1 �u in 2009. In the 
second part of the chapter, we experimented with a set of weather-related explanatory variables. We 
de�ne extreme weather as being very cold (<20°F), very hot (>90°F), rain, or snow, and explored 
its potential associations with a set of external injuries. We found that extreme weather conditions 
relate to a half-dozen injury categories.

Chapter 13 is an application study of Chapter 4. Cancer registry data often lack complete chemo-
therapy and radiation therapy information. To conduct treatment disparity surveillance, we linked 
2005–2009 Nebraska Cancer Registry data with Nebraska hospital discharge data. Due to the high 
quality of both datasets and the proposed linkage procedure, we had a linkage rate of 97%. We dem-
onstrate the utility of the linked dataset in case �nding, treatment update, and treatment surveillance. 
The results show that the linked dataset is likely to identify up to 5% of potential missed cases. We 
investigated the use of radiation therapy in treating colorectal and breast cancers as case-�nding 
examples. The linked dataset found 12.5% and 14.9% more treatment cases of colorectal and breast 
cancer patients, respectively. When radiation therapy information is more complete, it can be used to 
assess disparity. In addition, comorbidity information can be derived for assessing survival.

Chapter 14, to some extent, it is an application of Chapter 5 for indexing. We review major birth 
certi�cate data-based data linkage projects. One common characteristic among these projects is 
funding, which is a double-edged sword. On the one hand, major funding sources provide oppor-
tunities for the state and cities to initiate data linkage projects. On the other hand, as funds dry up, 
the linked datasets are often left without caretakers to maintain, update, and so forth. We indicate 
that building a simple and low-cost mother index based on the birth certi�cate data is an easy task. 
Using the mother index for Nebraskans, we examine the relationship between �rst and later birth 
outcomes in terms of low birth weight (LBW) and preterm birth (PTB). We show that 20% of 
mothers have second LBW infants when their previous births are LBW. Likewise, 23% of mothers 
who have PTBs have PTBs the next time. To a lesser degree, these trends also repeat for third births. 
In addition, we show how a mother index might be used for creating longitudinal datasets based 
on Pregnancy Risk Assessment Monitoring System (PRAMS) and birth certi�cate data. We also 
provide a case study about rapid repeat births using the mother index.

Chapter  15 is an in-depth study of the geocoding in Chapter  6. It summarizes geocoding 
improvement experiments in the Nebraska Cancer Registry. An initial assessment of previous 
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geocoding suggests that some proven geocoding procedures have not been followed, and the results 
are unacceptable. It is also suggested that the combination of a match score of 80 and a spelling 
sensitivity of 80 in the ArcGIS geocoder is suf�cient for most geocoding purposes. Given the siz-
able number of unmatched addresses, the Google Maps geocoding service is used. A comparison of 
1500 high-quality addresses that are matched by both Google Maps and ArcGIS geocoders shows 
that the location between the two in most cases is acceptable. The median distance between each 
pair of 1500 coded locations was 36.6 meters. It is concluded that by strictly following the major 
successful steps, including the use of address coding speci�cation, Internet-based white pages for 
reverse address �nding, and Internet-based geocoding, a 90% or even 95% match rate is achievable. 
The chapter also includes some recent developments, such as using local government and North 
American Association of Central Cancer Registries (NAACCR)–provided web services for geocod-
ing, and provides some tips for managing geocoding projects.

Chapter 16 is an in-depth study of Chapter 9 on gender differences in health. It links stroke 
hospitalizations to community-based mortality records to examine sex differences in stroke case 
fatalities and associated prognosis factors. Hospital discharge data and death certi�cate data from 
January 2005 to December 2009 in Nebraska were linked. Multivariable logistic regression was 
used to estimate sex differences in 30-day mortality, and the Cox proportional hazard model was 
used to predict overall survival. A total of 15,806 patients was included. Females were more likely 
to die during the 30 days after stroke hospitalization. However, there was no signi�cant difference in 
overall survival in the multivariate analysis that controlled for age, comorbidity, and rehabilitation 
factors. Females were more likely to have comorbidities such as atrial �brillation, anemia, and heart 
failure, while males were more likely to have chronic kidney disease. In addition, males were more 
likely to receive rehabilitation services after stroke.

Chapter 17 is an in-depth and data-driven study of Chapter 10 on rural–urban differences in 
health by using AMI. AMI is one of the most studied hospitalization reasons in the United States, 
and despite some improvement in hospital-based outcomes, there are some inconsistent �ndings 
regarding place of residence–based outcomes versus hospital-based outcomes between rural and 
urban areas. Previous studies tend to study either rural–urban residence differences in health out-
comes or rural–urban hospital differences in health outcomes. Based on the integrated public health 
data infrastructure, we can easily make a contrast between rural and urban patients, or between 
urban hospitals and rural hospitals. The former is a place of residence–based rural–urban differ-
ence, while the latter is a place of hospital–based rural–urban difference. Using 30-day readmission 
and out-of-hospital survival, the study examines rural–urban differences in both place of residence 
and place of hospital. The study linked 2005–2011 hospital discharge data to the 2005–2012 death 
index and outpatient data. In addition, distance to the hospital is calculated for each hospitalization. 
Hospital bypassing rates are also examined. It was found that both residence- and hospital-based 
measures yield similar results. We found that participating in a rehabilitation program is the most 
important predictor of out-of-hospital survival.

Chapter 18 is a systematic application of racial disparities to motor vehicle crash (MVC) injuries. 
To some extent, it is an in-depth application study of Chapter 11 on racial health disparities. The 
lack of race information for nonfatal motor vehicle crash injuries in the United States has limited the 
understanding of racial disparities in MVCs. In this chapter, we described a pilot surveillance proj-
ect in Nebraska that linked crash reports and driver’s license records to investigate racial dispari-
ties among nonfatal MVC injuries. The chapter �rst examines disparities based on police-reported 
injuries, and then repeats the analysis for hospital-based injuries. In both cases, Black drivers had a 
higher rate of injuries, especially nonsevere injuries. In addition, the project evaluated SES dispari-
ties by geocoding injured drivers. It showed that those living in poor neighborhoods tend to drive 
short distances, but have a high rate of injuries, independent of the observed disparities by race.

Chapter 19 can be viewed as a general application study of program evaluation. The motivation 
is twofold. On the one hand, lack of income measures is an important drawback of cancer regis-
try data. Linking cancer screening program participants, who were all relatively low income and 
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underinsured, provides an indirect way of measuring income effects. On the other hand, breast 
cancer screening programs funded by the CDC have been implemented for more than 25 years, but 
few studies have evaluated their mortality outcomes. We compare 3-year mortality and long-term 
survival outcomes using the linked Nebraska Cancer Registry—the breast screening data from the 
EWM program. The chapter employs two study designs: comparisons of (1) the full sample and 
(2) the geographically matched sample to the census tracts where the EWM participants reside. 
Compared to all non-EWM participants, women diagnosed through EWM were more likely to sur-
vive 3 years after diagnosis. However, this short-term survival advantage was a nonfactor in terms 
of long-term survival. These results hold for the geographically matched sample, too. In addition, 
there was no signi�cant difference in resection surgery, radiation, and chemotherapy treatments 
among EWM participants and nonparticipants.

Chapter 20 attempts to open a new surveillance avenue by linking environmental exposure data 
and patient-level data in spatial disease surveillance. It uses Parkinson’s disease because its etiology 
is largely unknown. We demonstrated both spatial cluster detection and case-control approaches 
linking patients to environmental exposures. The cluster detection approach is �rst to detect spa-
tial clusters and then compare exposures within and outside the clusters. The case-control design 
assesses whether cases and controls could be differentiated by past exposures. We used 5 pesticides 
and 15 herbicides in 2005 as exposures. We selected cases from both the Nebraska Parkinson’s 
Disease Registry and controls from hospital discharge data, all from 2007 to 2011. Although we 
made some interesting �ndings, we tend not to interpret them due to the methodological emphasis 
and uncertainties associated with long-term exposure to Parkinson’s disease.
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2 Common Population-Based 
Health Disparity Dimensions

2.1  INTRODUCTION

The U.S. government’s Healthy People initiative �rst listed reducing health disparities as of one its 
Healthy People 2000 goals. Broadly speaking, health disparities are differences in health outcomes 
by population segments according to demographic characteristics, socioeconomic status (SES), 
and geographic environment. This de�nition includes two interrelated components: populations 
segmentation and health outcomes. The most commonly used population segments are race and 
ethnicity. The most commonly used SES measures are individual income and educational level. In 
the absence of or in addition to individual SES measures, area-level poverty concentration, such 
as the percent of population under the 100% poverty line, is often used. The most commonly used 
geographic disparity measure is rural–urban difference. In addition, gender, disability, and limited 
English pro�ciency (LEP) are also used to segment different population groups. The most com-
monly used health outcome measures for a state health agency can be grouped by behavior, health 
condition or morbidity, and mortality. Commonly used health behavior measures include physical 
activity, smoking, substance abuse, and clinic visits. Both mortality and morbidity measures are 
often based on the International Classi�cation of Diseases, 9th and 10th Revisions (ICD-9 and 
ICD-10, respectively). Commonly used diseases and health conditions include heart disease, cancer, 
chronic respiratory disease, stroke, unintentional injury, diabetes, and obesity, and they are mea-
sured by rates of incidence, prevalence, and mortality. In this chapter, we describe and elaborate on 
these measures in detail and lay out the challenges of linking health disparity population and health 
indicator measures.

2.2  RACE AND ETHNICITY

Data on race and ethnicity, the most frequently used population segmentations for health disparity, 
are mostly collected by self-identi�cation. The federal and most state governments in the United 
States have adopted the Of�ce of Management and Budget (OMB) de�nitions of race and ethnicity 
(Wallman and Hodgdon, 1977). In 1997, the OMB issued revisions to the 1977 standards for clas-
si�cation of federal data on race and ethnicity, which expanded the four-race-category reporting 
system (OMB, 1977) to the �ve-category system (OMB, 1997). The �ve minimum categories for 
race data include American Indian or Alaska Native (AI/AN), Asian, Black or African American, 
Native Hawaiian or Other Paci�c Islander (NHPI), and White; the �rst four categories are racial 
minorities, while the White category is the racial majority. Only Hispanic or Latino ethnic origin 
is required, which refers to a person of Cuban, Mexican, Puerto Rican, South or Central American, 
or other Spanish culture or origin, regardless of race. In this book, we use Hispanic and Hispanic 
or Latino interchangeably.

Race and ethnicity data are often used in statistical analysis, and they serve as biomarkers for 
unmeasured biological differences. In the absence of income and other SES variables, race is used 
as a proxy for SES. Regardless of purpose, race and ethnicity are most often used for health statisti-
cal reporting, where rates are calculated based on disease counts and at-risk population (Mays et al., 
2003). However, it is not straightforward to calculate disease incidence and mortality rates by race, 
because cases are normally from a registry, a surveillance system, or vital statistical records, and 
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it is necessary to pair case counts and at-risk populations by race consistently. In many cases, race 
categories from different datasets or from different periods are not identical, and concerns are often 
raised about how to make race categories consistent as numerators or cases and as denominators or 
at-risk populations.

The �rst concern is that different census years may have inconsistent race and ethnicity clas-
si�cations, which require either backward �tting or forward bridging. Backward �tting is a process 
to �nd the smallest denominator from early years of data, when race categories were fewer, and 
then combine the same data from later years, which have more racial categories. Forward bridging 
is more dif�cult to implement, as it requires dividing a single racial category from an early year 
into two categories to be compatible with later years of data. For example, the 1990 census had four 
race categories according to the 1977 race reporting standards of the OMB. Since 2000, the census 
has been based on �ve race categories, because the former Asian and Paci�c Islander category was 
divided into two categories: Asian and NHPI. It would be dif�cult to split the 1990 population for 
an area from four race categories into �ve, even though we have the 2000 census �ve-category race 
information for the area. Consequently, in order to pair racial data over the two periods, researchers 
often use the backward-�tting approach to combine the two racial categories of the 2000 census. In 
the above example, NHPI and Asian would be combined into the single category of Asian or Paci�c 
Islander according to the 1990 census. Table 2.1 uses such an approach to provide an overall pic-
ture of cancer cases and at-risk population by race and ethnicity from 1991 to 2010. The incidence 
data have been collected by the Nebraska Cancer Registry in four race categories since 1991. The 
at-risk populations over four periods were provided by the Surveillance, Epidemiology, and End 
Results (SEER) program based on the 1990 race and ethnicity categories, which go back as far as 
1970 at the county level. Note that backward �tting is not without problems. In the early 1990s, 
cancer patients tended not to indicate whether they were of Hispanic origin. Therefore, the 0.01% 
of “Other Hispanics” may not re�ect the true percentage. The percentage for Other Hispanics in the 
1991–1995 period would be misleading if it were compared with the rate in the 2006–2010 period. 
In addition, as more races or different ways of de�ning races are added, respondents are likely to be 
unsure or confused about which race to choose, which may partially explain the increase in missing 
race information from the cancer registry data.

There are two common methods of treating records with missing race information. One simple 
way is to delete them and then add weights to the remaining records with valid race information. 
In this way, the overall incidence rate accounts for all patients and therefore is precise. However, if 

TABLE 2.1
Distribution (%) of Cancer Cases and At-Risk Population by Race and Ethnicity

Race/Ethnicity

At-Risk Population Cancer Cases

1991–
1995

1996–
2000

2001–
2005

2006–
2010

1991–
1995

1996–
2000

2001–
2005

2006–
2010

NH-White 91.64 89.22 86.54 83.89 96 94.62 93.31 92.93

NH-Black 3.72 4.07 4.43 4.86 2.51 2.48 2.66 2.79

NH-American Indian 0.74 0.79 0.85 0.89 0.28 0.4 0.4 0.35

NH-Asian 0.92 1.26 1.62 1.85 0.2 0.42 0.47 0.66

Hispanic-White 2.81 4.43 6.2 7.69 0.45 0.99 1.34 1.42

Other Hispanic 0.17 0.23 0.36 0.82 0.01 0.07 0.12 0.14

Missing race 0.55 1.03 1.69 1.71

Totala 1,625,846 1,694,833 1,737,703 1,799,067 7,614 8,228 8,657 8,544

NH = non-Hispanic.
a	 Total is annualized.
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those with missing race information are biased toward late or early stages of cancer, or particular 
cancer sites, the rates according to these dimensions are biased and should be reported with cau-
tion. Sometimes it is necessary to generate estimates for small areas, such as census tracts, by race 
or ethnicity, for which preserving observations in each area is critical for generating stable rates. 
In this case, the distribution of the at-risk population is often used to allocate race to records with 
missing race information according to small-area racial distribution. For example, if four patients in 
a census tract do not have race information, and the census tract population by race is distributed as 
50% Whites, 25% Blacks, 25% Asian and Paci�c Islanders, and no American Indians, then accord-
ing to probability, two persons out of four (or 50%) would be allocated randomly to White, and one 
to Black and one to Asian. One important difference between the two methods is that the weighting 
method uses patient population information, while the race allocation method uses race information 
from the at-risk population.

The second concern is how to treat multiple races. Even though racial categories may be identi-
cal, the method of identifying races may differ. The OMB’s 1997 revision of the race reporting 
standard allows multiple-race categories, resulting in 31 potential racial groups, ranging from a 
one-race-only group to a combination of four races. Table 2.2 summarizes how the 31 races are 
produced. For two or more races, the leftmost column or columns separated by a semicolon (;) rep-
resent one, two, or three multiple races that can be combined with each bold race category on the 
right. In the �rst line of the three-race panel, for instance, we can have three multiple races: (1) AI/
AN; Asian; Black or African American, (2) AI/AN; Asian; NHPI, and (3) AI/AN; Asian; White.

Since many health statistics are reported with single or primary race categories, one has to 
combine multiple-race categories into a single-race category for the at-risk population. This process 
is often called race bridging, which generates bridged race categories. There are many race bridg-
ing methods that include both deterministic assignments and statistical allocations (Mays et al., 
2003). One has to be careful about how to combine multiple races into a single race. For example, 
to determine the total White population, one can use the White-alone category, which produces the 
smallest number of White population. One the other hand, one can use White in combinations with 
all other racial groups, which produces the largest White population. Both SEER and the Centers 

TABLE 2.2
Races and Multiple Race Combinations in the 2000 Census
One race alone AI/AN Asian Black NHPI White
Two races AI/AN; Asian Black NHPI White

Asian; Black NHPI White
Black; NHPI White
NHPI; White

Three races AI/AN; Asian; Black NHPI White
AI/AN; Black; NHPI White
AI/AN; NHPI; White
Asian; Black; NHPI White
Asian; NHPI; White
Black; NHPI; White

Four races AI/AN; Asian; Black; NHPI White
AI/AN; Asian; NHPI; White
AI/AN; Black; NHPI; White
Asian; Black; NHPI; White
AI/AN; Asian; Black; NHPI

Note:	 A semicolon (;) separates each race group. A total of 31 races and multiple 
race combinations are in bold.
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for Disease Control and Prevention (CDC) use a statistical method to provide at-risk population by 
age, sex, and bridged race categories at the county level. At the census tract level, however, there is 
no of�cial at-risk population by bridged race categories, which forces people working with census 
tract data to come up with their own estimates. Since census tracts tend to have a smaller population 
size, small adjustments of at-risk populations by race can have a substantial impact in estimated 
disease rates by race.

The above two concerns are mainly about the consistency between data sources of the composi-
tion of the at-risk population. The third concern arises because many administrative data collected 
by state governments do not follow the federal data collection standards. These administrative data 
are often related to disease cases, for which the at-risk population often comes from the census. 
There are always some minor differences between the race categories used in data collection and 
the race categories in the census. Table 2.3 lists the distribution of injured drivers in Nebraska aged 
19 years and older and the corresponding at-risk population (aged 19+ years) averaged over 2006–
2010. There are at least three discrepancies. First, even though we tried to make these racial cat-
egories as compatible as possible, the American Community Survey (ACS) identi�es drivers using 
only single-race categories, and the administrative database of driver’s licenses identi�es drivers by 
primary race. Despite these discrepancies, the proportion of White population was still greater in 
the ACS data than in the driver’s license data. Second, the Other race category means other multiple 
races in the ACS, but it means that the driver’s license applicants were unable to identify themselves 
among the four categories above in the driver’s license data. Third, the driver’s license data included 
Hispanic as a racial category that an individual could choose when completing an application for a 
driver’s license, but Hispanic is clearly not a race category in the ACS.

If we use injured drivers in motor vehicle crashes as cases, and drivers from the driver’s license 
database as the at-risk population, we would have few problems, because they come from the same 
database. If we do not like Other as a category, we can simply group Others and Hispanic, or even 
missing, as Other. If we were to use the ACS population as the at-risk population, then we would 
not group Hispanic cases with the Other race group. In this example, the results for the Black and 
White races in the at-risk population are unlikely to differ signi�cantly between the driver’s license 
data and the ACS data, but others can.

Even when the state health statistics follow the federal standards, completely classifying all 
cases into identi�able racial groups is almost impossible due to missing values and multiple-race 
parents. If the child self-identi�es his or her race after age 18, the situation can be worse. As an 
example, Table 2.4 shows the mother’s race category in the row denoted by m for Nebraska babies 
born between 2005 and 2012, and the father’s race category in the column denoted by f. Among the 
221,411 babies, only 155,584, or 70%, had a mother and father of the same race (Table 2.4). In addi-
tion, 25,931 mothers and 23,611 fathers identi�ed themselves as multiple races either by choosing 
“other” or by checking several race self-identi�cation boxes on the birth certi�cate. Except in the 

TABLE 2.3
Driver’s License Data and ACS Data

Injured Drivers Total Drivers ACS Population

White 84.14 87.43 90.29

Black 7.43 4.31 3.97

AI/AN 0.96 0.77 0.72

Asian/NHPI 1.6 2.04 1.67

Other 3.05 4.02 3.35

Hispanic 2.81 0.95

Missing 0.01 0.48

Total 8,942 1,305,680 1,319,164
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case of missing values, which cannot be classi�ed, a baby’s race can be classi�ed by three methods: 
(1) conservatively (e.g., when both the mother and the father are Black, the baby is Black); (2) mod-
erately (e.g., when either the mother or the father is Black, the baby is Black); and (3) liberally (e.g., 
identifying all the mothers and fathers in the two or more race [2+ race] category that are Black 
plus any other racial groups and adding those cases to method 2). Method 1 generates 6,257 Black 
births, and methods 2 and 3 generate 17,465 and 19,329 Black births, respectively. If we use low 
birth weight (LBW) as an indicator for birth outcomes, method 1 corresponds to a 12.58% LBW, 
and methods 2 and 3 correspond to an 11.92% and 11.70% LBWs, respectively. The rate of LBW for 
the whole state from 2005 to 2012 was 7.30%. To improve birth outcomes, it is better to cast a wider 
net by using method 3, which captures the largest number of Black births.

Finally, there is an issue of how to distinguish or combine racial and ethnic categories. Normally, 
Hispanic Whites are excluded from minority health statistics, but minority population reports often 
include all Hispanics, regardless of race, as a single category. Care must be taken when estimating 
disease and health condition burdens for Hispanics. Younger age groups tend to have a larger pro-
portion of Hispanics. Even though non-White Hispanics have a slightly lower overall cancer burden 
and a slower rate of increase relative to the population’s increase (Table 2.1), when age is adjusted, 
they may have a greater burden, a point that will be discussed in later chapters. In the birth certi�-
cate data, we also found that mothers who checked “other” or multiple race boxes, or who did not 
answer race questions, were more likely to be Hispanics. For example, among the 25,931 mothers in 
the Other or multiple-race category in Table 2.4, 85.6% were Hispanics, and among the 336 moth-
ers in the missing race category, 71.73% were Hispanics. The overall Hispanic percentage for all 
the mothers was 14.7%. This propensity may be due to respondents’ confusion about the difference 
between race and ethnicity. If this same discrepancy was also true in cancer data for the missing 
race category, the cancer burden could be heavier for Hispanics than for non-Hispanics. Moreover, 
Hispanics are the fastest-growing population in Nebraska, and they tend to be more mobile than 
other ethnic groups due to age, immigration status, and farm- and construction-dominated occu-
pations. These characteristics suggest that (1) their exposures to environment and neighborhood 

TABLE 2.4
Race by Birthing Mothers and Fathers in Nebraska: 2005–2012

m/f White Black AI/AN Asian NHPI 2+ Race Missing Total

White 145,215 3,566 819 743 59 5,941 16,979 173,322

(83.8%) (2.1%) (0.5%) (0.4%) (0%) (3.4%) (9.8%)

Black 636 6,257 56 26 5 291 5,716 12,987

(4.9%) (48.2%) (0.4%) (0.2%) (0%) (2.2%) (44.0%)

AI/AN 559 120 800 14 10 402 1,752 3,657

(15.3%) (3.3%) (21.9%) (0.4%) (0.3%) (11.0%) (47.9%)

Asian 1,149 110 8 3,188 6 135 268 4,864

(23.6%) (2.3%) (0.2%) (65.5%) (0.1%) (2.8%) (5.5%)

NHPI 70 16 1 12 124 38 53 314

(22.3%) (5.1%) (0.3%) (3.8%) (39.5%) (12.1%) (16.9%)

2+ race 3,244 659 170 91 43 16,780 4,944 25,931

(12.5%) (2.5%) (0.7%) (0.4%) (0.2%) (64.7%) (19.1%)

Missing 63 7 1 0 0 24 241 336

(18.8%) (2.1%) (0.3%) (0%) (0%) (7.1%) (71.7%)

Total 150,936 10,735 1,855 4,074 247 23,611 29,953 221,411

Note:	 Row percentages are in parentheses.
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characteristics are less likely to be captured than for other ethnic groups, and (2) community- or 
neighborhood-based public health interventions need to adapt to this mobile population.

2.3  GENDER

Health disparities by gender can be studied or measured from at least four perspectives: demo-
graphic, gender inequality in economic status and employment opportunities, access to care, and 
sexual orientation. Although gender is easily accessible in most data, variables from the above per-
spectives may not always be available. Below, we touch brie�y on these perspectives.

It has long been established that women live longer than men, which can be measured in age-
speci�c mortality and life expectancy. Life expectancy at birth between men and women is about 
5 years apart in the United States, and the number is fairly consistent among states. Life expec-
tancy at the state level can be obtained from the CDC, which maintains life tables for all states, 
updated periodically. According to the CDC tables for 1999–2001 (http://www.cdc.gov/nchs/data/
dvs/lewk4_nebraska.pdf), the life expectancies in Nebraska for males and females are 76.00 and 
80.78 years, respectively, and for the 2009–2011 period are 77.65 and 82.00 years, respectively. To 
calculate a life table, it is necessary to have age-speci�c deaths and populations, and the rest of the 
table can be derived from these numbers (Plane and Rogerson, 1994). Table 2.5 provides life tables 
for males and females based on Nebraska data for 2009–2011. The column heads in Table 2.5 are 
described as follows:

D:	Number of age-speci�c deaths in a population during a year or averaged annually.
P:	Observed age-speci�c populations, which is normally from the Census Bureau estimates. 

When multiple years are used, the midyear population estimate is often used. Sometimes, 
the �rst age group also comes from the number of real births.

n:	 Number of years in the age interval (e.g., n = 1 for age 0–1, n = 4 for age 1–4, n = 5 for age 
5–9, n = ∞ for age 85+)

nMx: �Age-speci�c mortality rate for persons aged x to x + n. When the midyear population is 
used, the annualized mortality rate is D/P.

nqx: Probability of dying between age x and x + n:
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Tx: Total number of person-years lived after age x. Since the size of each age-speci�c sta-
tionary population is nLx, the total size of the stationary population at T0 is the sum of 
column L. In general,

 
T Lx n x= ∑

TABLE 2.5
Life Tables for Nebraska Based on 2009–2011 Population (P) and Death (D) by Gender

Age D P nMx nqx Ix ndx nLx Tx ex

Male
0–1 228 13,372 0.0057 0.0057 100,000 566 99,498 7,764,578 77.65

1–4 38 54,196 0.0002 0.0009 99,434 93 397,512 7,665,080 77.09

5–9 30 65,846 0.0002 0.0008 99,342 75 496,472 7,267,568 73.16

10–14 25 62,692 0.0001 0.0007 99,266 66 496,158 6,771,096 68.21

15–19 116 65,982 0.0006 0.0029 99,200 290 495,418 6,274,938 63.26

20–24 192 66,997 0.001 0.0048 98,910 471 493,400 5,779,520 58.43

25–29 193 66,094 0.001 0.0049 98,439 478 491,060 5,286,121 53.7

30–34 208 59,484 0.0012 0.0058 97,961 569 488,423 4,795,061 48.95

35–39 247 55,772 0.0015 0.0074 97,391 716 485,334 4,306,638 44.22

40–44 340 55,934 0.002 0.0101 96,675 975 481,195 3,821,305 39.53

45–49 624 63,968 0.0033 0.0161 95,700 1,545 475,024 3,340,109 34.9

50–54 1,038 65,349 0.0053 0.0262 94,155 2,462 465,039 2,865,086 30.43

55–59 1,315 58,464 0.0075 0.0368 91,693 3,377 450,378 2,400,046 26.17

60–64 1,671 47,486 0.0117 0.0571 88,316 5,039 429,589 1,949,668 22.08

65–69 1,760 33,211 0.0177 0.0847 83,277 7,057 399,519 1,520,080 18.25

70–74 2,078 25,220 0.0275 0.129 76,220 9,832 357,994 1,120,560 14.7

75–79 2,677 20,170 0.0442 0.2003 66,388 13,300 300,618 762,566 11.49

80–84 3,347 15,289 0.073 0.3108 53,088 16,498 226,092 461,949 8.7

85+ 6,007 12,907 0.1551 1 36,590 36,590 235,857 235,857 6.45

Female 
0–1 195 12,707 0.0051 0.0051 100,000 509 99,548 8,200,752 82.01

1–4 42 51,515 0.0003 0.0011 99,491 108 397,700 8,101,203 81.43

5–9 19 63,003 0.0001 0.0005 99,383 50 496,757 7,703,503 77.51

10–14 25 60,046 0.0001 0.0007 99,333 69 496,483 7,206,746 72.55

15–19 63 62,772 0.0003 0.0017 99,264 166 495,986 6,710,263 67.6

20–24 80 63,716 0.0004 0.0021 99,098 207 494,984 6,214,277 62.71

25–29 78 63,349 0.0004 0.0021 98,891 203 493,973 5,719,293 57.83

30–34 104 57,358 0.0006 0.003 98,688 298 492,718 5,225,320 52.95

35–39 156 53,986 0.001 0.0048 98,390 473 490,880 4,732,602 48.1

40–44 230 54,605 0.0014 0.007 97,917 685 488,056 4,241,722 43.32

45–49 472 64,058 0.0025 0.0122 97,232 1,188 483,489 3,753,666 38.61

50–54 580 65,155 0.003 0.0147 96,045 1,415 476,926 3,270,177 34.05

55–59 827 60,003 0.0046 0.0227 94,629 2,150 467,998 2,793,251 29.52

60–64 1,040 48,907 0.0071 0.0349 92,479 3,223 454,726 2,325,253 25.14

65–69 1,253 35,929 0.0116 0.0566 89,256 5,048 434,217 1,870,527 20.96

70–74 1,596 29,281 0.0182 0.0871 84,209 7,337 403,802 1,436,310 17.06

75–79 2,396 26,131 0.0306 0.1426 76,872 10,959 358,552 1,032,509 13.43

80–84 3,548 22,522 0.0525 0.2333 65,913 15,380 292,885 673,957 10.22

85+ 10,608 26,665 0.1326 1 50,533 50,533 381,072 381,072 7.54
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ex: Life expectancy at age x, calculated by dividing the number of person-years lived beyond 
age x by the number of persons reaching age x:
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For example, the average remaining life expectancy for those age 25x is 5,286,121/98,439 
= 53.70.

A life table is often used by demographers and actuaries to calculate survival ratios. For 
example, the probability that a woman aged 55 years will live to her 65th birthday is lf65/
lf55 = 89,256/94,629 = 0.943. Here the f subscript before age indicates female. This simple ratio 
calculation has fairly wide application. If a woman had breast cancer at age 55, her prognosis of 
10-year survival is 90%, which is close to the population-based survival probability. The lack of 
informal support by a spouse can also be calculated using the life table. The chance that a 55-year-
old wife dies within 10 years while her 60-year-old husband survives for 15 years can be calculated 
as the joint probability [1 – lf70/lf55)]*lm75/lm60)] = [1 – 89,256/94,629]*(66,388/88,316) = 0.083 or a 
very small probability.

To systematically take age-speci�c survival rates (i.e., an inverse relationship between age and 
survival rate) into consideration for chronic diseases, it is necessary to calculate the relative sur-
vival rate, which is the ratio of the proportion of observed survivors in a cohort of disease-speci�c 
patients to the proportion of expected survivors in a comparable set of disease-absent individuals 
(Brown et al., 1993). In other words, relative survival measures survival probability for a given 
disease, such as cancer, in the absence of other causes of death. In this regard, relative survival is a 
hypothetical measure adjusting for the background risk of death. For a state-level relative survival 
calculation, the background mortality is often obtained from a state life table. To calculate relative 
survival, it is necessary to divide the observed disease-speci�c survival during a period of time by 
the expected survival for the total population. Rutherford et al. (2012) have compared a number of 
methods of calculating relative survival.

Since the survival calculation is quite cumbersome, age-speci�c mortality can simply be cal-
culated, so that age-speci�c mortality ratios can be graphed. Figure  2.1 plots relative mortality 
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FIGURE 2.1  Age-speci�c relative mortality ratios of colorectal and lung cancer patients in relation to gen-
eral populations.
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ratios for colorectal and lung cancer for those aged 40 and above, where females had higher relative 
mortality ratios between ages 45 and 65. After age 70, males and females had almost identical rela-
tive mortality ratios. From a demographic perspective, a possible explanation for these ratios is that 
females are generally expected to outlive males in each age group until age 85; thus, they contribute 
more than males to denominators. This expectation and the ensuing calculation exacerbate female 
and male relative mortality ratios for both cancers. It is also worth pointing out that the primary 
explanation for diminished disparities in older populations is that the least healthy individuals are 
no longer in the population, and mortality will eventually converge between men and women. Such 
an explanation by age also applies to other dimensions of disparities.

Since disease-speci�c mortality may not always be available, for example, for a rare disease, a gen-
eral life table can be used to calculate relative survival and relative mortality ratios. To calculate age-
adjusted survival rates for a particular disease for a state, the state-speci�c life table should be used.

Many factors contribute to gender differences in mortality. If biological factors and natural risk-
taking behavior factors could be excluded, the life table would provide a reference point for adjusting 
behavior or disease-speci�c mortality by gender. In Nebraska, behavioral factors disproportionally 
harmful to men include cigarette smoking, drinking, gun violence, and heavy labor occupational 
hazards. Diseases related to these factors include lung cancer, unintentional injuries, and homicide. 
Women experience higher rates of arthritis, asthma, and depression (Table 2.6). Likewise, females 
are more likely to have a physician, but more often experience dif�culties in seeing a physician due 
to cost. There are also a number of paradoxical facts about men’s and women’s health that �t the 
morbidity–mortality paradox: women live longer than men, yet women live with a greater number 
of comorbidities and have worse self-reported health than men.

Even though gender disparities in health status are many and obvious, reducing these differ-
ences requires a greater understanding of structural factors. Women tend to be unemployed, and the 
unemployed are less healthy. However, there is also a selection effect, the so-called healthy worker 
effect, in which unhealthy people are disproportionately unlikely to be selected for employment 
(Ross and Mirowsky, 1995). Women tend to bear more of the family burden of providing physical 

TABLE 2.6
Sex Differences in Behavioral and Disease Risk Factors from BRFSS 2006–2010

Males at Greater Risk Male Female*

Had 5+ drinks on one occasion in the past month 24.8 13.4

Have driven when had too much to drink 8.5 3.4

Current smoker 19.9 17

Respondents without a personal physician 20.3 10.6

Told they had coronary heart disease by a health professional 5 2.9

Having 5+ servings per day of fruits and vegetables 17.7 26.9

Told they had high blood pressure by a health professional 27.7 23

Told they had a myocardial infarction (MI) by a health professional 5.1 2.4

Never get emotional support 5.2 2.3

Females at Greater Risk
Could not see a physician due to cost 8.4 12.6

Not physically well 10± days in the past month 8.8 11.4

Told they had a depressive disorder 10.9 20.9

Not mentally well for 10± days in the past month 8 12.5

Told by a health professional they have arthritis 23.7 27.2

Currently have asthma 6.4 9

* All the male–female differences are signi�cant at p < 0.05.
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and emotional care. Moreover, married women are associated with better health than unmarried or 
divorced women, because marriage provides material advantages and social support (Elstad, 1996). 
State health agencies have access to many datasets (e.g., hospital discharge data and Behavioral Risk 
Factor Surveillance System [BRFSS] survey data), in which gender is the most complete variable. 
With or without data linkage, most datasets can support many analyses of gender in health. Through 
linkage between hospital discharge data and mortality data, public health practitioners can also 
assess follow-up care and health outcome indicators, such as rehabilitation visits after stroke and 
community-based mortality. For structural inequality and family-based data analyses, most health 
statistic datasets have some shortcomings that cannot be easily overcome. Marriage can take place 
anywhere, and the state marriage certi�cate system rarely captures out-of-state marriages. In addi-
tion, divorce is not in the public health data system, at least in the initial registration. Consequently, 
the data linkage system within a state can �nd only those who married at a given time point. It is 
known that hospital discharge data do not include marital status. Although marriage certi�cate data 
could be linked to hospital discharge data to assess whether married men are more likely to survive 
a heart attack or a stroke, incomplete certi�cation information in the marriage certi�cate system 
would yield a low-quality study at the population level.

2.4  SOCIOECONOMIC STATUS

In the discussion of gender disparities in health in Section  2.3, we mentioned some relevant 
structural factors, such as employment status, occupational status, and family roles. These gen-
der disparities, broadly speaking, can all be associated with socioeconomic position or SES (the 
two terms are used interchangeably). SES can be conceptualized as the social standing or class 
of an individual or group. Even though the term standing or status suggests a one-dimensional 
scale, SES can be measured by education, income or poverty, occupation, and housing, or by 
combinations of those dimensions. For this reason, SES is often used to measure two-dimen-
sional space.

Health disparities due to socioeconomic conditions were noted more than 150 years ago. In his 
Census of Boston report in 1846, Lemuel Shattuck linked individual infant mortality to maternal 
mortality and related the linked records to poor neighborhood conditions (Rosen, 1958). In New 
York City in 1890, more than 20% of dwellings experienced a tuberculosis (TB)-related death, 
and the rate was much higher in poorer neighborhoods (Rosner, 1995). After World War II, it was 
expected that improved overall socioeconomic conditions, especially the introduction of universal 
health care systems in European counties, would greatly reduce SES-related health disparities. If 
basic health conditions are related to an income threshold, and if people in an af�uent society all live 
above the threshold, their health conditions would be equalized. This reasoning also dictated the 
early practice of using a threshold indicator, such as above versus below poverty level. Here, poverty 
is a control variable to contrast health and health behaviors. When it is introduced, it is expected that 
health disparities due to poverty will disappear, and in the early years of health disparities research, 
this variable was almost exclusively placed at an individual level. Although an individual poverty 
threshold would often reduce some poverty effects on health disparities, many studies found that as 
an indicator variable, such a threshold explained only a small portion of health disparities.

Threshold measures suggest that there are many SES pathways leading to a better or worse 
health status. Broader SES concepts and measures of SES are needed to capture various aspects 
of SES disparities in health status. To understand the multiple pathways linking SES and health, it 
is necessary to broaden SES to socioeconomic positions that relate an individual’s socioeconomic 
characteristics, such as income, education, wealth and occupation, social environment or social 
determinants, and life-course exposure and programming, to that individual’s health and health 
behaviors. Furthermore, in order to understand the effect or multiple effects of each socioeconomic 
position on health, it is necessary to use different measures of SES at different levels of analysis 
(e.g., individual, family, neighborhood, legal, and regulatory environments).



25Common Population-Based Health Disparity Dimensions

2.4.1  OCCUPATIoN

Occupation, income, and education are all associated with health outcomes. In the early years of 
health disparities research, occupation was most often used to highlight disparities. For instance, it 
was reported that during the industrialization period, manual laborers and farm laborers had worse 
standard mortality than people in white-collar occupations. In addition, some occupations were 
directly related to diseases, such as chimney sweeps having excessive cancer (Gustavsson et al., 
1988) and coal miners in Appalachia having excessive black lung disease (Friedl, 1982). However, 
occupational status misses a signi�cant segment of the population: the unemployed and those not 
in the labor force often have health de�cits. As occupations have shifted to more service-related 
occupations, occupations in which workers have direct contact with natural and man-made hazards 
have become fewer. Consequently, occupation disparities in health have become less apparent than 
disparities related to education or income measures.

2.4.2 I NCoME AND EDUCATIoN

Income and education represent two interrelated but distinct SES measures. To show how income 
level and educational attainment might be related, we combined the years 2011 and 2012 and used 
weighted samples from the Nebraska BRFSS that had both variables. Our interest was current use 
of mammography, which was de�ned as having had a mammogram within the past 2 years. We 
cross-tabulated education and income and presented the rate of breast cancer screening using mam-
mography among women aged ≥40 years (Table 2.7). First, the aggregated income effects, shown 
as percentages in the last row, were comparable to the aggregated education effects (last column). 
The diagonals, which show the combined income and education effect, had the steepest gradient in 
current use of mammography. The lowest income and education categories together had the lowest 
screening rate (30.3%), while the highest income and education categories together yielded the high-
est screening rate (57.6%). Controlling for educational attainment would give us an income gradient 
(in screening) steeper than the educational attainment gradient we would get if we controlled for 
income level.

Even though income inequalities have a simple conceptualization, the income variable is often 
not available at the individual or patient level. When the variable is available, mostly from survey 
data, it suffers from a high percentage of missing values. For instance, the BRFSS 2011–2012 data 
had 13.4% missing values for the income variable, while the educational attainment had <0.16% 
missing values. The former should be treated, while the latter values can be ignored in most analy-
ses. To overcome the lack of income variables, studies of income inequality and health have often 
used aggregated income variables, such as median family or household income and percent of peo-
ple under the federal poverty guideline from a geographic unit. The aggregated measures usually 

TABLE 2.7
Having a Mammogram in the Past 2 Years: Income and Education

Education/Income <15 15–24.999 25–49.999 >50 Column Total (%)

Less than high school 30.3 37.8 30.4 49.6 32.7

High school 37.0 48.2 48.4 52.3 44.8

Some college 37.8 45.3 48.4 48.8 45.1

College degree 41.8 46.4 53.6 57.6 53.5

Row total (%) 36.5 46.2 50.0 53.9 46.6

Total N 8,692 7,939 4,051 4,987 25,669

Source:	 Nebraska Department of Health and Human Services. Nebraska BRFSS 2011–2012, weighted by age, sex, 
and race or ethnicity.

Income levels are in 1,000.
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follow census geography—state, county, census tract, and census block group—with a lower unit 
being nested within an upper unit. For instance, a census tract has to be within a county, and it 
cannot cross the boundary line. However, many studies also use zip codes, which do not follow 
census geography. Early work in this area used an area income variable as either a control or a 
proxy measure for individual income. However, marked health inequalities among different geo-
graphic units, as large as a country and as small as a neighborhood with different income levels, 
led to the conceptualization of social environments and health. It is believed that the social envi-
ronment in�uences an individual’s behavior through social cohesion, social capital, neighborhood 
resources for health promotion, and community hygiene (Berkman and Kawachi, 2000, p. 7). These 
effects are cumulative, especially for children during the critical stages of their early development. 
Malnutrition, substandard housing, witnessing violence, and early childhood traumatic experiences 
make the individual vulnerable or resistant to various diseases in adulthood.

There have been many measures of neighborhood SES and other environmental variables, but 
no single variable can capture the many different dimensions of the social environment. Social 
capital and community cohesion are often measured jointly through community-based surveys. 
Neighborhood resources can be measured by the accessibility of playgrounds, parks, and healthy 
groceries or food. However, a measure of the individual social environment that is appropriate 
from one perspective may be inappropriate from another perspective. This problem is exacer-
bated when two locales have no social environment factors in common. A lakeside community 
and a mountain community have quite different built environments. Retirement neighborhoods, 
such as those around Sun City, Arizona, have quite different demographic and economic char-
acteristics than a typical suburban community. For this reason, composite measures have been 
developed.

The Townsend Deprivation Index is an early index developed in the United Kingdom. It is based 
on four population census ward variables (a census ward in the UK has about 2000 people): house-
holds without a car, households not owner occupied, overcrowded households (more than one per-
son per room), and persons unemployed. All measures are standardized, with the latter two also 
being log-transformed. Although the index is widely applied in different countries, the measure 
cannot be compared between countries or even within a country. In the UK, the index is less appli-
cable in rural areas, because rural wards are more socially heterogeneous than urban wards, and 
some elements of the index do not vary much in rural areas. For example, car ownership is more 
or less a necessity for rural residents due to travel distance and lack of public transportation. This 
fact suggests that geographical accessibility to essential services, such as food and primary care 
physicians, may be more meaningful than census-based measures. However, because accessibil-
ity measures are not usually included in census data, indices that include accessibility (e.g., the 
Index of Multiple Deprivation) have not been as widely used as the Townsend index. In the United 
States, both unemployment and overcrowding measures are also not very effective. The former 
varies widely between years and among different regions, and the latter cannot be directly applied 
due to different housing conditions in different regions. In addition, many scholars have attempted 
to develop composite SES indicators by following a multivariate analysis approach, such as fac-
tor or principal component analysis (Hightower, 1978; Steenland et al., 2004; Havard et al., 2008; 
Fukuda et al., 2004). However, due to lack of meaningful and comparable explanations for a number 
of derived factor dimensions, such an approach has very limited application in the United States. 
Consequently, most composite indices have not been used frequently in the United States for neigh-
borhood social epidemiology analyses.

In the United States, some consensus was reached after the Public Health Disparities Geocoding 
Project was conducted at Harvard University. The project aimed to determine appropriate socioeco-
nomic measures and geography levels for monitoring socioeconomic disparities in various health 
outcomes. Based primarily on birth outcome data from Massachusetts and Rhode Island, poverty 
level at the census tract level was determined to be the most suitable measure for a variety of area-
based disparity assessments. The recommended cutoff values are 5%, 10%, 15%, and 20% of a 
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population. A neighborhood in a census tract that has 5% of people living under the poverty level is 
considered well off, but a neighborhood in a census tract with more than 20% of people living under 
the poverty level is likely in disrepair, and residents may be suffering many health de�cits.

Even though the single measure of poverty rate is straightforward, some cautionary notes are 
necessary. First, poverty guidelines for the 48 contiguous states and the District of Columbia are 
the same, while the cost of living can be quite different between coastal states and rural states. 
However, for a regional study with a number of adjacent states, this difference poses little problem. 
Second, although the poverty rate at the county level is updated annually by the Census Bureau, 
the rate at the census tract level is not normally readily available or linkable to administrative data, 
which tend to be based on zip codes or other administrative units. For this reason, large-scale, 
neighborhood-level data analysis of social environments is not common in the United States.

Using the standard �ve poverty levels to categorize each census tract, Figure 2.2 displays age- 
and sex-adjusted odds ratios for lung cancer incidence between 2005 and 2009 according to the �ve 
poverty levels of the ACS 2005–2009. The reference category is poverty level below 5%. As can be 
seen, lung cancer incidence follows a gradient: those living in poorer neighborhoods are much more 
likely to be diagnosed with lung cancer, due perhaps to more people in poor neighborhoods being 
smokers and to poor neighborhoods tending to have worse indoor and outdoor air quality.

We will discuss how to calculate these odds ratios and other measures in Chapter 7, but for now, 
let’s take a look at another group of conditions, called avoidable hospitalizations, according to pov-
erty level. Avoidable hospitalizations are those hospital visits that could be avoided if adequate care 
were provided in an ambulatory setting, for example, for conditions such as hypertension and dia-
betes. Since poorer people rely more on emergency room visits than on primary care, it is expected 
that poorer neighborhoods would have a higher avoidable hospitalization rate. Indeed, compared to 
a neighborhood with 5% of the people under the poverty level, those from neighborhoods with 20% 
or more people under the poverty level are 1.5 times more likely to be hospitalized due to a lack of 
primary care.

Poverty data at the county level are released by the Census Bureau every year. At the census 
tract level, the data were released every 10 years between 1970 and 2000. In the 2010 census, ques-
tions about income and other SES variables were no longer asked. The Census Bureau instead col-
lects SES data through the annual ACS. At the end of 2010, the 5-year combined ACS sample of 
2005–2009 was released. Since the annual ACS sample was about 1/40, the 5-year sample would at 
most be 5/40, or 12%, which is much smaller than the 16% long-form sample from the 2000 census. 
For this reason, a margin of error accompanies every census ACS variable. This uncertainty should 
be considered when using ACS data. Researchers should also be aware that the poverty population 
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FIGURE 2.2  Odds ratios of all stages of lung cancer by neighborhood poverty level.
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differs slightly from the census population because the estimate of poverty population excludes 
those residing in institutions and group quarters, while a decennial census includes them. According 
to the Census Bureau, poverty status was determined for all people except institutionalized people, 
people in military group quarters, people in college dormitories, and unrelated individuals under 15 
years old. These groups were excluded from the numerator and denominator when calculating pov-
erty rates. For this reason, the poverty population by age group or other demographics will always 
be smaller than the census population.

Another neighborhood measure, preferred by economists, is the Gini index, which measures the 
observed distribution of income among individuals within an area unit against the equal distribu-
tion. In contrast to absolute poverty, we can treat the Gini index as a relative income distribution 
within a neighborhood. If a neighborhood includes individuals with very low income and social 
position, as well as individuals who enjoy greater wealth, the income inequality, even in an af�uent 
neighborhood, can cause health disparities. The Gini index is the most commonly used inequality 
measure. A Lorenz curve plots the cumulative percentages of total income received against the 
cumulative number of recipients, starting with the poorest individual (Figure 2.3). The Gini index 
measures the area between the Lorenz curve and a hypothetical line of absolute equality, expressed 
as a percentage of the maximum area under the line. Thus, a Gini index of 0 represents perfect 
equality, while an index of 100 implies perfect inequality.

In Figure 2.4, the Lorenz curve plots the cumulative income share on the vertical axis against the 
distribution of the population on the horizontal axis. In this example, 40% of the population obtains 
around 20% of the total income. If each individual had the same income, that is, total equality, the 
income distribution curve would be the straight line in the graph—the line of total equality. The 
Gini coef�cient is calculated as area A divided by the sum of areas A and B. If income is distributed 
completely equally, then the Lorenz curve and the line of total equality are merged and the Gini 
coef�cient is zero. If one individual receives all the income, the Lorenz curve would pass through 
the points (0, 0), (100, 0), and (100, 100), and surfaces A and B would be similar, leading to a value 
of 1 for the Gini coef�cient.

The Gini index is much more dif�cult to calculate than a simple poverty percentage or other 
simple inequality measure, such as the index of dissimilarity. This dif�culty is especially true at the 
census tract level, as it requires, ideally, personal or household income for each individual or house-
hold. However, this disadvantage has now become trivial, because the ACS, which will be described 
in more detail in Chapter 6, provides the Gini index measures at the census tract level. Another 
disadvantage of the Gini index is that it is not additive across neighborhoods. In other words, the 
total Gini value of a city is not equal to the sum of the Gini indices from all neighborhoods. Finally, 
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29Common Population-Based Health Disparity Dimensions

the Gini index has no direct implications in income. A city can have a very high income level, but 
its Gini index can be very high too. Hence, unlike the absolute poverty measure, a high Gini index 
at the census tract level may not always be related to adverse health outcomes.

In general, however, both the Gini index and poverty level measures can provide good group 
comparisons of health outcomes. Table 2.8 cross-tabulates two relationships: the Gini index versus 
LBW and poverty versus LBW. The data are based on census tracts for Douglas County, where 
Omaha is located. Both the Gini index and the poverty data are based on the ACS 2006–2010 
pooled data. In the context of exploratory analysis, we use the quintiles for the Gini index cutoff 
points because we do not have empirical and theoretical justi�cations otherwise. Since the poverty 
cutoff points are already established, we opted to use the standard percentages of 5, 10, 15, and 
20 as cutoff points for poverty level. The results of the LBW rates are shown in each cell, with the 
column and row averages at each margin. As can be seen, both the Gini index and the poverty rate 
categories can pick out LBW gradients. The average LBW rates according to the Gini index catego-
ries are from 0.063 to 0.090, while the average rates according to the poverty levels are from 0.066 
to 0.10. Depending on conceptual frameworks, both measures can effectively show the effects of 
SES on LBW.
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FIGURE 2.4  Lorenz curve of income distribution.

TABLE 2.8
LBW Rates by Poverty and Gini Index (Omaha, 2005–2011)

Poverty/Gini <0.32 0.32–0.38 0.38–0.42 0.42–0.45 >0.45 Average
Total 

Population

<5 0.060 0.073 0.075 0.067 0.070 0.066 14,163

5–10 0.066 0.072 0.072 0.073 0.068 0.070 12,859

10–15 0.067 0.080 0.080 0.072 0.083 0.076 7,959

15–20 0.074 0.077 0.086 0.094 0.063 0.082 5,198

>20 No values 0.093 0.101 0.102 0.101 0.100 17,921

Average 0.063 0.079 0.086 0.087 0.090 0.080

Total population 13,706 11,030 12,266 12,167 8,931 58,100
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2.5  OTHER DIMENSIONS OF HEALTH DISPARITIES

In the remainder of the chapter, we brie�y discuss rural–urban disparities and LEP health dispari-
ties; both dimensions share access to care issues. We omit disability because the census data and 
ACS data routinely release disability data at county and census tract levels by major demographic 
and SES dimensions. In addition, BRFSS also includes a disability question, so we decided not to 
deal with this dimension in this book.

2.5.1  RUrAL–UrBAN HEALTh DISPArITIES

Two distinct disparities issues in rural–urban health are often studied: the lack of access to care, 
especially to primary care physicians, and rural-speci�c risk factors. Factors of rural areas in the 
United States include the following:

•	 Rural residents generally lack access to health care due to distance, lack of employer-
sponsored insurance, and low health literacy on preventive care (Hartley et al., 1994).

•	 Rural residents are more likely than urban residents to be on supplemental health insurance 
due to injury and other health care coverage.

•	 Rural areas have a disproportionate number of motor vehicle crash injuries, especially 
severe injuries or death.

•	 Rural residents face particular occupational health hazards, such as agricultural chemical 
poisoning and contamination, and agricultural injuries.

•	 Rural residents are much more likely than urban residents to die from unintentional inju-
ries other than motor vehicle crash injuries.

•	 Rural residents are more likely than urban residents to be smokers and alcohol abusers and 
less likely to wear a seat belt.

•	 Rural residents, especially women, exercise less than urban residents and are more likely 
to be obese (Wilcox et al., 2000).

•	 Rural residents, especially the rural elderly, tend to have poorer health than the urban 
elderly, but the gaps have been narrowing in recent decades (Mainous and Kohrs, 1995; 
Morgan, 2002; Hartley, 2004).

There are several de�nitions of rural areas, and most are county based. The U.S. Census Bureau 
uses urbanized areas (50,000 people or more) and urban clusters (>2,500 and <50,000 people) to 
de�ne urban areas and considers all other areas rural. However, since this de�nition does not follow 
city or county boundaries, it is rarely used in public health analyses that rely on administrative data. 
The OMB uses counties as a basis for rural–urban designation. Prior to 2003, only metropolitan and 
nonmetropolitan counties were used. Since 2003, the de�nition has included micropolitan counties. 
A metro area contains a core urban area of 50,000 or more population, and a micro area contains an 
urban core of at least 10,000 but less than 50,000 population. If a county is not a metro or a micro 
county, then it is a rural county. Besides these common de�nitions, rural–urban continuum codes, 
which include nine county-based categories, are also used quite often. Essentially, the OMB metro 
counties are further divided into three metro categories, and the nonmetro counties are further 
divided into six nonmetro categories. Further divisions are based on population size and adjacency 
to metro counties. The rural–urban continuum codes were originally developed in 1974, and they 
were called Beale codes in the early days. They have been updated each decennial since (1983, 
1993, 2003, 2013), and they can be downloaded from the U.S. Department of Agriculture (USDA) 
Economic Research Service (ERS) website.

There is also a rural–urban de�nition based on census tracts: rural–urban commuting area codes 
(RUCAs). RUCAs consider not only the population size of a community, but also its relationship 
to large urban centers. Starting in 2010, the decennial census no longer collects commuting data. 
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Therefore, commuting patterns come from the ACS. The classi�cation contains two levels. Whole 
numbers (1–10) delineate metropolitan, micropolitan, small town, and rural commuting areas based 
on the size and direction of the primary (largest) commuting �ows. These 10 codes are further 
subdivided based on secondary commuting �ows, providing �exibility in combining levels to meet 
varying de�nitional needs and preferences. Descriptions of the codes are found within the data �les 
and also in the documentation. Some federal programs have identi�ed areas with a RUCA code of 4 
and above as nonmetropolitan. The Of�ce of Rural Health Policy accepts the RUCA methodology 
in determining rural eligibility for its programs. The ERS has an Excel �le on its website whereby 
an applicant can link to a table of RUCA codes (2010) by state census tracts or all U.S. census tracts.

In Nebraska, county-based de�nitions are most frequently used to identify rural and urban areas. 
In addition to metro and nonmetro categories, the three categories of metropolitan, micropolitan, 
and rural have recently become more common. In Table 2.9, we used the three-category de�nition. 
The metropolitan areas are nine counties, two of which have a city of 50,000 or more residents and 
seven of which are metropolitan “outlying” counties. Micropolitan areas consist of the 10 Nebraska 
counties that are not metropolitan and have at least one city of 10,000 or more residents. Rural areas 
include all of the remaining 74 counties in Nebraska.

At this point, there is no overall rural disadvantage in health outcomes and risk factors, judg-
ing from the BRFSS and mortality data. The 5-year mortalities from 2006 to 2010 are comparable 
among the three types of residents, with an age-adjusted death rate in Nebraska of 736.0 deaths per 
100,000 population. The rates for metropolitan, micropolitan, and rural areas are 734.5, 748.6, and 
736.0, respectively. Rural residents are at greater risk for mortality from heart disease, unintentional 
injury overall, and motor vehicle crashes, whereas urban residents are more likely to die from can-
cer overall, lung cancer, homicide, and drug abuse.

Table 2.9 lists some factors selected from the Nebraska BRFSS from 2008 to 2010. As can be 
seen, rural residents had a higher rate of no health care coverage: 11.32 in rural areas versus 16.24 
in micropolitan areas. In addition, rural respondents (7.4%) were more likely than metropolitan 
respondents (6.0%) to say they never get the social and emotional support they need. Even though 
rural residents were less likely to have a personal physician, they tended to have similar rates of 

TABLE 2.9
Rural and Urban Differences in Selected Risk Factors from BRFSS 2008–2013

Access Factors

Metropolitan Micropolitan Rural

% SE % SE % SE

No health care coverage 14.58 0.77 16.24 0.99 11.32 0.61

No personal physician 17.82 0.4 15.77 0.36 14.22 0.25

Had a routine checkup past year 60.47 0.47 57.56 0.44 58.63 0.33

Visited a dentist < 2 years 84.39 0.6 79.07 0.59 77.85 0.46

Last didital rectum exam < 2 years 50.55 1.19 44.64 0.97 43.04 0.8

Had a sigmoidoscopy/colonoscopya 62.98 0.76 52.84 0.61 50.58 0.5

Had prostrate-speci�c antigen (PSA) test < 2 years 52.02 1.21 52.4 1 53.74 0.83

Behavioral Factors
Current smoker 19.05 0.38 18.53 0.36 16.7 0.26

Had drinks in past monthb 6.45 0.23 5.52 0.22 5.73 0.17

Had too much to drink while driving 5.5 0.46 5.77 0.46 6.53 0.35

Always use seat belts 79.62 0.4 64.24 0.47 56.05 0.36

a	 Age 50+.
b	 Males age 60+ and females age 30.
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routine checkups as urban residents. Even though rural residents had a lower colorectal cancer 
screening rate, their prostate cancer screening rate was comparable to that of urban residents.

For general health status, urban residents were less likely than rural residents to report poor 
general health and lack of social and emotional support. Micropolitan (13.4%) and rural (12.9%) 
residents were more likely than metropolitan residents (10.9%) to state that their health was “fair” or 
“poor.” However, the difference was <2%. In addition, rural residents were generally disadvantaged 
in smoking status, drinking, drunk driving, and use of a seat belt.

There are a number of rural health agencies, centers, and rural health associations at both the 
national and the state level. However, most of these organizations tend to address health care needs 
through health care services (e.g., primary care physicians, critical care hospitals, and emergency 
medical services). The Federal Of�ce of Rural Health Policy and its sponsored centers, state of�ces 
of rural health, national and state rural health associations, and Agency for Healthcare Research 
and Quality (AHRQ) all tend to focus on health care access, quality of care, and telemedicine. Very 
few organizations speci�cally serve rural public health needs. Consequently, there has been little 
change in behavioral and lifestyle risk factors among rural residents, although some measures of 
health status have improved through greater access to care.

Finally, pertinent to the classi�cation used in this book, it is necessary to mention a 1990 
urban–rural classi�cation that classi�es metropolitan counties with a central city of 50,000 or 
more or a county population greater than 100,000. We found that this scheme is convenient in 
Nebraska because only three counties were quali�ed as metropolitan or urban counties in 2000 
and 2010. In addition, 100,000 is a criterion for area units that can be considered for public 
use without con�dentiality concerns. This con�dentiality protection scheme was used by the 
CDC’s national mortality and natality �les and census public use microdata areas (PUMAs). In 
later chapters, we use this scheme for ease of presentation and for minimizing con�dentiality 
concerns.

2.5.2 LEP  DISPArITY

LEP is a recently added disparity dimension for contrasting LEP individuals with others. Individuals 
whose primary language is not English and who have a limited ability to read, speak, write, or 
understand English are considered LEP. Executive Order 13166, “Improving Access to Services 
for Persons with Limited English Pro�ciency,” requires Federal agencies to examine the services 
they provide, identify any need for services to LEP persons, and develop and implement a system 
to provide those services so persons with LEP can have meaningful access to them. Further legal 
framework for language access in health care is reviewed by Chen et al. (2007), and a review of LEP 
on clinical research factors is provided by Bustillos (2009).

Lack of access to care and preventive medical services among immigrants and LEP individuals 
has been an issue for a long time. However, before Executive Order 13166 in 2000, there were few 
studies that explicitly documented and assessed access to care and health status among LEP individ-
uals. Kandula et al. (2004) reviewed 10 leading health indicators among immigrants in the United 
States. The 10 indicators are physical activity, overweight and obesity, tobacco use, substance abuse, 
responsible sexual behavior, mental health, injury and violence, environmental quality, immuni-
zations, and access to health care. The study found that (1) data about the health of immigrants 
were limited and often did not distinguish between the U.S. and foreign born, (2) differences in 
culture and language both inhibit providers’ understanding of issues and limit immigrants’ ability 
to take full advantage of disease prevention and health intervention services, and (3) immigrants 
were substantially disadvantaged for access to care. In the same year, Yeo (2004) reviewed how 
language barriers contribute to health disparities among ethnic and racial minorities in the United 
States. It was found that language barriers are associated with lack of awareness about health care 
bene�ts, such as Medicaid eligibility, longer visit time per clinic visit, less frequent clinic visits, less 
understanding of the physician’s explanations, more lab tests, more emergency room visits, and less 
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satisfaction with health services. It was also pointed out that it is not clear if these negative conse-
quences are related to health outcomes or disease incidences. 

Studies of health status and risk factors among LEP individuals are more recent. Data at the 
national level are mainly from two sources. One is the Behavioral Risk Factor Surveillance System 
(BRFSS), which is an annual national survey conducted by each state. The BRFSS has a Spanish-
language instrument that can be used to indicate language barriers among Hispanics and Latinos. 
Studies employing this strategy include DuBard and Gizlice (2008) and Linn et al. (2010). The 
other is Medical Expenditure Panel Survey (MEPS), which also has a Spanish-language instru-
ment that can be used to indicate language barriers among Hispanics and Latinos. Studies using 
MEPS include Cheng et al. (2007) and Brach and Chevarley (2008). Data sources at the state level 
are rare, and the California Health Interview Survey (CHIS) is a valuable source. CHIS covers all 
the counties in California, and it includes �ve languages for non-English-speaking adults (Spanish, 
Mandarin, Cantonese, Vietnamese, and Korean). Studies using the CHIS for LEP or language barri-
ers to health care studies are numerous, and they include Gee and Ponce (2009), Ponce et al. (2006), 
and Maslanda et al. (2011). California also leads the nation in improving access to language services 
for LEP individuals (Moreland et al., 2012). These studies consistently found that LEP individuals 
are disadvantaged in access to health care and preventive care services, and they tend to be worse 
off in health conditions (e.g., self-rated health status, arthritis, and high blood pressure) and behav-
ioral risk factors (e.g., physical activity and fruit and vegetable intake).

Although the foreign-born and LEP populations account for a small proportion of the Nebraska 
total population, they are the fastest-growing populations in Nebraska. For example, the foreign-
born individuals in Nebraska increased from 28,198 in 1990 to 74,638 in 2000 and to 106,298 in 
2010 (with the 2010 numbers coming from the ACS. In addition, the U.S. census surveys routinely 
asked questions about languages spoken at home. For those who were not “speaking English only,” 
the census also asked, How well do you speak English? with one of the following four answers to 
be selected: “very well,” “well,” “not well,” and “not at all.” According to the census, about 2.4% 
of the population age 5+ in Nebraska spoke English less than “very well” in 1990, and in 2010, this 
percentage increased to 4.4% (Table 2.10).

Even though recent census releases tend to group “speaking English less than very well” as a 
single category (implicitly referring to them as LEP individuals), the guidance issued by the U.S. 
Department of Justice on discrimination against LEP persons (DOJ, 2002) uses speaking English 
“not well” or “not at all” to de�ne LEP individuals. For this reason, we tend to refer to LEP individu-
als as those who speak a language other than English at home and who speak English “not well” or 

TABLE 2.10
Language Ability by Age and Language Spoken at Home in Nebraska

Censuses Age
Speaks 

English Only

Speaks Non-English Language at Home

Very Well Well Not Well Not at All

Census 5–17 298,450 7,933 10,911 6,065 113

1990a,b 18+ 1,090,582 39,687 11,745 6,369 815

Census 5–17 304,915 17,124 6,398 3,835 780

2000c 18+ 1,164,131 50,758 18,882 18,733 9144

ACS 5–17 283,013 29,965 7,370 3,204 369

2006–2010d 18+ 1,224,692 58,546 23,686 25,711 13,159

a	 http://www.census.gov/hhes/socdemo/language/data/census/table2.txt.
b	 http://www.census.gov/hhes/socdemo/language/data/census/table3.txt.
c	 STF4 Age by Language Spoken at Home (PCT038) for Nebraska.
d	 ACS Table B16004 for Nebraska.

http://www.census.gov/hhes/socdemo/language/data/census/table2.txt
http://www.census.gov/hhes/socdemo/language/data/census/table3.txt
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“not at all.” Using this de�nition, we �nd that Nebraska LEP adults increased rapidly from 18,929 
in 1990 to 46,759 in 2000 and to 62,556 in 2010 (Table 2.10). In other words, 4.6% of adults in 
Nebraska were considered LEP individuals according to the ACS of 2006–2010.

At this point, with the exception of disability from the ACS data, BRFSS is the only source to 
study risk factors among LEP individuals at the state level. The BRFSS has a Spanish-language 
instrument that can be used to indicate language barriers among Hispanics and Latinos. However, 
the standard BRFSS survey does not have questions identifying the LEP population. From 2008 
to 2010, a language ability question was added to the Nebraska BRFSS: “How well do you speak 
English?” The four response categories were “very well,” “well,” “not well,” and “not at all.” Based 
on this question, we can examine a number of health care accessibility dimensions. Figure  2.5 
shows that those who could not speak English well or not at all have de�cits in access to the pneu-
monia shot, �u shot, colon cancer screening, prostate cancer screening, and dental care. Because of 
limited data sources for LEP, we will not study it in later chapters.

2.6  CHAPTER SUMMARY

In this chapter, we reviewed major health disparity dimensions (race, gender, SES, rural–urban, and 
LEP) and provided empirical evidence whenever possible by using data from Nebraska. We noted 
that race classi�cation has become more complicated since the 2000 census. It affects the race-
based, at-risk population at all levels, but most critically below the county level, because the CDC 
routinely provides a race bridge �le above the county level.

Gender-based health differences can be due to either biological reasons, which are not health 
disparities, or social, occupation, and family positions, which are gender health disparities. There is 
also a long-known phenomenon often labeled the morbidity–mortality paradox. Women live longer 
than men, yet women live with a greater number of comorbidities and have worse self-reported 
health than men. Because of life expectancy at birth for males and females, one needs to be aware 
of adjusted survival, for which a state-speci�c life table is often used.

0

Last visit to dentist was in the past year

Last DRE less than 2 years ago

Last PSA test within past 2 years

Has had a sigmoidoscopy/colonoscopy

Last sigmoidoscopy/colonscopy within
last 10 years

Has had �u shot in past year

Has had a pneumonia shot

How well do you speak English? (for clinical
preventive practices)

10 20 30 40 50 60 70 80

Total
Not well/not at all

Very well/well

Percent

FIGURE 2.5  Some indicators of LEP population access to health care. DRE, digital rectal examination. 
Since very few LEP persons were sampled, the total and the well/very well population are almost identi-
cal. (Data from Nebraska Department of Health and Human Services. Nebraska Behavioral Risk Factor 
Surveillance System (BRFSS) 2008–2010. Nebraska DHHS.)
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Within SES disparities, both educational level and personal income are not available for most 
datasets, except some survey data and birth certi�cate data. To perform a more uniformed assess-
ment of health disparity, census tract–based SES measures seem more realistic. In other counties, 
employment, housing, and other factors were used to derive a deprivation index. In the United 
States, the census tract–based poverty level and Gini index are readily available; a more suitable 
measure was the poverty level, with the recommended cutoff values being 5%, 10%, 15%, and 20% 
of a population. A neighborhood in a census tract that has 5% of people living under the poverty 
level is considered well off, and a neighborhood with more than 20% of its people under the poverty 
line is considered very poor.

Finally, we describe some measures and empirical �ndings about rural–urban differences and 
LEP and non-LEP differences, mainly along the line of access to health care. For both rural and 
LEP people, lack of access to care is a signi�cant issue.
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3 Common Public Health Data 
in a State Health Department

3.1  INTRODUCTION

Many public health core functions are based on collection and assessments. Public health 
programs usually service at least one public health core function, and many of them are inher-
ently data-intensive. Complete, accurate, comprehensive, and timely information is the backbone 
of public health policy, practice, and research. Policy makers, program managers, providers, and 
the general public need to be able to easily access up-to-date information in order to develop 
effective policy and practice. With few exceptions, most public health data from the state public 
health agency are administrative data, which can be categorized as (1) program-based record sys-
tems (e.g., vital records), (2) health provider–based systems (e.g., hospital discharge data [HDD]), 
and (3) payer-based systems (e.g., Medicare and Kaiser Permanente). In this chapter, we introduce 
mostly program-based data.

There are numerous data sources that can be used for public health practices, and they are not 
limited to public health agencies. Public health agencies are authorized and responsible for a variety 
of administrative and surveillance data collection, storage, analysis and interpretation, and distri-
bution, such as vital records, reportable disease registries, surveys, and medical facility utilization 
statistics reports. A large amount of data collected by other governmental agencies, nongovern-
mental agencies, and private organizations provide valuable information such as education, motor 
vehicle registration, criminal record, agricultural accidents, and medical and health associations. 
The advantages of using administrative data include

	 1.	 It is economical because they are collected by someone already.
	 2.	They are most important because most data collections were mandated or funded by state 

and federal agencies due to their signi�cance to public health or lifesaving areas.
	 3.	Most data can be used for time series and trend analyses due to many years of data 

collection.

Program-based public health datasets have some limitations. First, their geographic and population 
coverages vary widely. Some program data serve the entire population within the jurisdiction, while 
others are for targeted services or a population segment. Vital statistics are population based, while 
Women, Infants, and Children (WIC) program data are for a segment of the population. Sometimes, 
a dataset may start with a region or segment of the population, and then as it expands, it can cover the 
entire population. An example is emergency medical services (EMS) data that started in major cities 
(Omaha and Lincoln) in Nebraska and then expanded to include the entire state. The children immu-
nization registry also started with a number of local health departments. Each local health department 
may not cover the entire school system. The registry now covers almost the entire state and captures 
nearly 90% of children.

Second, data items or variable coverage may not be suf�cient for research needs. For instance, 
demographic variables included in the Nebraska Parkinson’s Disease Registry are age and sex only. 
There are no other risk factors, such as smoking and occupational status. There are also no disease 
severity, functional limitation, and comorbidity information.

Third, data quality varies, and people should not expect a clean dataset from many public health 
programs. Data analysts within the data-producing unit need to be aware of data quality issues and 
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systematically assess them prior to any data analysis. However, it is often that the primary use of 
a public health dataset is limited to a few data items. If one looks at those data items, the quality 
may be very good. When data are used by another program internally or externally for second-
ary purposes, some data quality issues may emerge. Maintaining high-quality program data rests 
with the program that produces the data, but a program may not have the scope and appreciation 
for enforcing data quality beyond their primary use. Again, for the Nebraska Parkinson’s Disease 
Registry, high-quality data items are the names and contact information for patients, physicians, 
and pharmacists. Diagnosis date provided by a physician had more than 25% missing values. If a 
researcher made a data request without knowing this information, a time series analysis would not 
be useful. For this reason, it is important to ask about missing values for important variables. In 
many cases, further data manipulation would improve data quality. For instance, if the diagnosis 
date was missing, it could be constructed from the Parkinson’s disease form submission date or 
receiving date from a physician, pharmacist, or individual patient. Since the administrative data are 
not for research, no one would purposefully construct such a composite diagnosis date. Only when 
data are internally analyzed can such a variable be created.

Karr et al. (2006) outlined three data quality measures: process, the data, and user-friendliness. 
Process refers to the generation, assembly, description, and maintenance of data, such as reliability, 
metadata, security, and con�dentiality, and they are not easy to quantify. Assessing the process 
often requires accessing the data. The data are the core of the data quality measures. At the record 
level, they include accuracy, completeness, consistency, and validity. At the database level, they 
include identi�ability and joinability. User-friendliness refers to how users may access and manipu-
late the data, such as accessibility, integrity, interpretability, recti�ability, and timeliness. Data users 
often face signi�cant hurdles in terms of data awareness, accessibility, and utilization due to differ-
ent infrastructures and organizational settings and the disparate nature of the many data sources. 
Users, including researchers, policy makers, and public health practitioners, usually do not always 
know what information is available.

From the user’s perspective, Love et al. (2008) evaluated multistate HDD, and the authors used 
four criteria: accessibility, reliability and consistency, analytic utility, and enhancement poten-
tial. Accessibility included if the user can access individual-level data, how the state regulations 
govern public health data use, and data acquisition cost. Data reliability and consistency include 
how the data are coded. If the data are coded by certi�ed professionals, they are more reliable 
than data coded by untrained data coders. In terms of HDD, E-code data are less reliable than 
billing and procedure data, as the latter were coded by certi�ed professionals. For Parkinson’s 
disease, diagnoses from neurologists are more reliable than those from generalists. Data ana-
lytical utility includes potential statistical power, the time lag for accessing time-sensitive data, 
geographic subunit, such as zip code, and availability. Data enhancement potential includes if the 
data are linkable to other data and can be geocoded to include areal socioeconomic status (SES) 
information.

To increase user awareness, a series of activities have been conducted to develop a pub-
lic health data inventory that involves internal public health programs and external partners 
to explore and identify data sources and follow surveys and interviews to relevant sources of 
information. A data inventory is a comprehensive list of public health relevant datasets that can 
be disseminated widely and easily accessed. The webpage of the data center also serves as a 
bridge to lead users to the appropriate data sources for access and utilization. The inventories 
have been regularly updated and reviewed and play a key role in promoting awareness, access, 
and use of relevant information to address various needs. In this chapter, we describe a number 
of important datasets from the Nebraska Pubic Health Data Inventory. We provide some data 
quality and usability indicators whenever possible, such as accessibility, reliability, analytic 
utility, and enhancement potential. We tried to organize datasets �rst by program data and then 
by survey data.
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3.2  HOSPITAL DISCHARGE DATA

There are two types of hospital discharge records collected from hospitals: inpatient and outpa-
tient data. The outpatient data include those from the emergency department (ED). The Nebraska 
Department of Health and Human Services (DHHS) normally receives data from the Nebraska 
Hospital Association (NHA) annually, approximately every October. Hospital discharge records 
contain information on the date of admission; date of discharge; patient’s age, gender, and county 
of residence; and primary and secondary International Classi�cation of Diseases, Ninth Revision, 
Clinical Modi�cation (ICD-9-CM) diagnosis codes. Data are used to examine important topics of 
interest in public health and for a variety of activities by governmental, scienti�c, academic, and 
commercial institutions. Each year, more than 200,000 Nebraska residents are discharged from 
hospitals. Outpatient data are normally available from the NHA upon request.

Information on each hospital discharge is reported from acute care hospitals in Nebraska to the 
Nebraska Association of Hospitals and Health Systems (NAHHS). The information is reported by 
hospitals on the UB-04 inpatient and outpatient data form. The data have been collected annually 
since 1975; however, the geographic coverage of hospitals has only become complete since 2004. 
Race and ethnicity are not consistently collected because they are not a core uniform billing data 
element. Effort has been made to add race information through data linkage, but it is very time-con-
suming. Inpatient data have been geocoded to the census tract level since 2005. HDD are probably 
the most commonly used data source for public health surveillance, local health status assessment, 
and planning. They are population-based data primarily re�ecting nonfatal conditions.

Our general impression is that HDD have good accessibility, high reliability and consistency, 
very good analytic utility, and great enhancement potential.

3.3  NEBRASKA CANCER REGISTRY DATA

The purpose of the registry is to gather data that describe how many Nebraska residents are diag-
nosed with cancer, what types of cancer they have, what type of treatment they receive, and the 
time and quality of survival after diagnosis. These data are put to a variety of uses both inside and 
outside of the Nebraska DHHS. The agency closely monitors records from year to year to determine 
trends that are developing and to see how Nebraska’s cancer experience compares to that of the rest 
of the nation. Cancer clusters either by small areas or by occupations are also occasionally inves-
tigated. The agency also uses these data to help plan and evaluate cancer control programs within 
the agency.

There are about 12,000 new cancer cases each year. With proper data requests, the registry has 
furnished information to many individuals, institutions, and organizations. In addition to spon-
sor organizations, such as the Centers for Disease Control and Prevention (CDC) and the North 
American Association of Central Cancer Registries (NAACCR), common users of the registry data 
include the University of Nebraska Medical Center, the National Cancer Institute, and the American 
Cancer Society.

Cancer registry data have been collected monthly from hospitals, clinics, and physicians since 
1987. Data quality is generally excellent, and the Nebraska Cancer Registry (NCR) has maintained 
the NAACCR gold standard since 1995. The data are population based for ongoing surveillance, 
which includes personal identi�ers such as name, residential address, and census tract numbers. 
However, for most users, they would not need identi�able information. Descriptions of data items or 
variables are available from the NAACCR website. All state cancer registries follow the same data 
formats, especially those from non–Surveillance, Epidemiology, and End Results (SEER) states. 
For SEER states, such as Connecticut, New Jersey, Iowa, and New Mexico, the SEER standard or 
data format is also used. Commonly used variables are around incidence reporting. Variables about 
treatment and comorbidity are available, but their qualities are not good.
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Cancer registry data have been one of the most frequently requested datasets from outside of 
the DHHS. Researchers have used it to study incidence, staging trends, and treatment compliance 
between rural and urban areas. Our general impression is that NCR has very good accessibility, 
high reliability and consistency, moderate analytic utility, and great enhancement potential. NCR 
has been linked to HDD, death certi�cate data, and other datasets, and after the linkage, the ana-
lytic utility has increased markedly.

3.4  CRASH OUTCOME DATA EVALUATION SYSTEM

The Crash Outcome Data Evaluation System (CODES) follows a collaborative approach to 
obtaining medical and �nancial outcome information related to motor vehicle crashes for highway 
safety and injury control decision making. CODES links motor vehicle crash records with other 
medical records in Nebraska, including hospital discharge, EMS records, and death certi�cate data. 
Linkage is conducted annually and now provided by request. The database can accommodate spe-
cial requests. Data are used to better understand the factors contributing to motor vehicle crashes 
and their associated injury outcomes. The data are population based for ongoing surveillance.

Data are collected by the Nebraska Department of Roads (crash data), the Nebraska Department 
of Motor Vehicles (driver’s license data), the NHA (HDD), and the Nebraska DHHS (EMS and 
death data). The data have been linked annually since 1996. Usually there is a 1-year lag. There are 
more than 30,000 motor vehicle crashes each year, with 15,000–18,000 individuals sustaining some 
injuries and about 300 deaths. Crash site locations are geocoded, and some injured patients are also 
geocoded to their residential locations.

Our general impression is that CODES has moderate accessibility, �ne reliability and consis-
tency, low analytic utility, and great enhancement potential.

3.5  NTR DATA

The Nebraska Trauma Registry (NTR) was established and started to collect data statewide in 2005. 
Data from 2007 onward tend to have a better quality in terms of geographic coverage and data item 
completeness. The purpose of having the statewide trauma registry is for ongoing surveillance. The 
data system also makes the delivery of trauma care cost-effective, reduces the incidence of inap-
propriate or inadequate trauma care, prevents unnecessary suffering, and reduces the personal and 
societal burden resulting from trauma.

These data are collected from state-designated trauma centers (hospitals) and hospitals that vol-
untarily submit information. Data are submitted on a monthly basis by those designated hospitals. 
Data collected by the trauma registry include patient demographics, prehospital information, injury 
information, ED and acute care information, hospital procedures and diagnosis, and patient out-
come information. The data have been collected monthly since 2005, but the statewide coverage 
started in 2007. From 2008 to 2013, there were on average more than 3500 in-state trauma cases 
each year.

There are nearly 200 variables in the trauma registry, which include demographics (age, sex, and 
race), primary external cause of injury (E-code 1), ED admission- and discharge-related variables 
(ED arrival date, ED arrival time, ED length of stay, and disposition at ED discharge), hospital 
admission-related variables, transfer hospital, expression and motor disability at discharge, feed-
ing disability at discharge, locomotion disability at discharge, zip code of injury, injury state, time 
of injury, primary payer, injury severity score, patient address, and transport mode. However, 
users need to ask about data quality before making a request. Blood alcohol content is a common 
variable, but its item missing values are very high, as it is most often tested after a motor vehicle 
crash injury.

Our general impression is that NTR has good accessibility, moderate reliability and consistency, 
moderate analytic utility, and great enhancement potential through geocoding and linkage to HDD.
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3.6  TRAUMATIC BRAIN AND SPINAL CORD INJURY REGISTRY

Traumatic brain injury (TBI) is a major public health problem in Nebraska and the United States. 
Inpatient discharges from acute care hospitals in Nebraska who have a diagnosis code indicating 
a TBI are reported to the Nebraska DHHS. These data sources could be utilized in the future to 
expand TBI surveillance in the state and can provide additional information on contributing factors 
for TBI, such as race and ethnicity of individuals treated for TBI.

State law (§81-653 to §81-662) requires that any hospital, rehabilitation center, psychologist, or 
physician report the following information about the person sustaining the injury to the Nebraska 
DHHS: name, social security number (if known), date of birth, gender, residence, date of injury, 
�nal diagnosis or classi�cation of injury, cause of injury, place where injury occurred, identi�cation 
of the reporting source, and dispensation upon discharge. Diagnosis and treatment information are 
collected from the patient’s medical record. The data have been collected monthly since 2004. In 
addition, the NHA provides a subset of HDD records of TBI patients.

3.7  NEBRASKA PARKINSON’S DISEASE REGISTRY

Parkinson’s disease (PD) is a chronic motor system disorder. As a result of 1996 legislation, 
Nebraska became the �rst and only state to create a population-based Parkinson’s disease registry. 
A registry provides information about the incidence of the disease in the populace. The purpose of 
the Parkinson’s disease registry is to provide a central data bank of accurate, historical, and current 
information for research purposes. The data are population based for ongoing surveillance. The 
database has both con�rmed and suspected cases. Except from 2004–2006, the NPDR has been 
collecting new cases each year since 1997. In the 4 years between 2011 and 2014, there were on 
average 2100 PD cases reported to the NPDR each year; among them, 503 were con�rmed cases.

State statute requires that pharmacies and physicians report data directly to the Nebraska DHHS. 
Pharmacies report information semiannually about patients who received a Parkinson’s disease 
drug that is being tracked as part of the registry. Physicians are required to report information about 
patients who are newly diagnosed with Parkinson’s disease within 60 days of diagnosis, or they are 
to complete a patient con�rmation form for patients submitted by pharmacies or patients who self-
report to the registry that they have Parkinson’s disease. Patients are also identi�ed for inclusion 
in the registry using state vital records. Registry data since 1997 are available. There are only two 
demographic variables: age and sex.

Our general impression is that NPDR has good accessibility, low reliability and consistency, low 
analytic utility, and moderate enhancement potential.

3.8  NEBRASKA STATE IMMUNIZATION INFORMATION SYSTEM

The Nebraska State Immunization Information System (NESIIS) is a secure, statewide, web-based 
system that was developed to connect and share immunization information among public clinics, 
private provider of�ces, local health departments, schools, hospitals, and other health care facilities 
that administer immunizations. The data can be used to analyze trends in immunizations, identify 
pockets of needs, produce reminder and recall noti�cations, and recommend future immunization 
needs. It should be noted that not all providers submit data to the system because it is not mandatory.

NESIIS is populated with birth records from the Of�ce of Vital Records. Birth doses of hepatitis 
B are populated from the Newborn Hearing Screening System (which is part of the vital records 
database). Real-time data collection started in 2001.

3.9  EMERGENCY MEDICAL SERVICES

Nebraska EMS and trauma rules and regulations provide the basis for the Nebraska data elements 
contained in the Nebraska EMS database. The mission of the EMS program is to strengthen 
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emergency care through cooperative partnerships to promote the well-being of the citizens of 
Nebraska. The data are patient care records for ongoing surveillance.

All basic and advanced life support services are required to collect a patient care record for each 
response that the service makes. The current EMS regulation requires EMS services to report their 
data to DHHS within 72 hours of each incident. The data have been collected quarterly since 2000. 
Based on 2005–2009 data, there were, on average, about 240,000 EMS runs each year; among 
them, about 80,000 were transported to hospitals.

3.10  ENHANCED HIV/AIDS REPORTING SYSTEM

The Enhanced HIV/AIDS Reporting System (eHARS) is a browser-based application provided 
by the CDC. Nebraska’s HIV Surveillance Program uses eHARS to collect, manage, and report 
Nebraska’s HIV/AIDS cases’ surveillance data to the CDC. The data are population based for ongo-
ing surveillance.

All information is entered and stored in eHARS. All information obtained from reported cases 
is entered into a case report, and this information is then entered into eHARS. The data have been 
collected from 1983.

The eHARS database is not available for sharing or use by the Division of Public Health (DHHS). 
All data requests must be made to the HIV surveillance coordinator, who will then ful�ll the data 
requests following the program’s con�dentiality and release of data policies.

To protect the privacy of persons with HIV in Nebraska, the Nebraska DHHS will only release 
total numbers of HIV/AIDS cases by any breakdown if the cell size is three or greater. The excep-
tion to this is when providing statewide data. HIV/AIDS data by county will only be given if the 
cumulative number of reported cases is �ve or more. Selected variables will only be given for coun-
ties having 25 or more cases, and then only when the cell size is >3.

3.11  NEBRASKA EMERGENCY ROOM SYNDROMIC SURVEILLANCE

The Syndromic Surveillance Program is designed and implemented to facilitate public health rapid 
detection of and response to unusual outbreaks of illness and injuries that may be the result of bio-
terrorism, outbreaks of infectious disease, or other public health threats and emergencies. The data 
are hospital based for ongoing surveillance.

Electronic health record data are collected from all emergency room encounters in all participat-
ing facilities. Data elements include date of visit, patient gender, zip code, diagnosis codes, chief 
complaint and triage notes, date of birth, and additional clinical information, such as vital signs and 
in�uenza test results, as available. Data have been collected in real time or near real time since 2010.

The system has been used to study in�uenza, motor vehicle crash injuries, and emerging infec-
tious diseases.

3.12  BEHAVIORAL RISK FACTOR SURVEILLANCE SYSTEM

The Nebraska Behavioral Risk Factor Surveillance System (BRFSS) has been conducting surveys 
annually since 1986 for the purpose of collecting data on the prevalence of major health risk factors 
among adults living in the state. The surveillance system is based on a research design developed by 
the CDC and used in all 50 states, the District of Columbia, and three U.S. territories. The system 
aims to target health education and risk reduction activities throughout Nebraska in order to lower 
rates of premature death and disability.

Data are available from 1998 onward based on the landline survey. Data have been collected 
through both landline and cell phones since 2010 from randomly selected Nebraskans aged 18 
and older. The survey is conducted by the Nebraska DHHS. The number of respondents in the last 
10 years ranged from 10,000 to 22,000. In most years since 2005, the BRFSS in Nebraska was 
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representative at the local health department level. The data have zip codes, but people should not 
use them as an area unit due to inconsistent sampling. Between 2006 and 2010, there was also a 
minority oversample of more than 5000 respondents. However, due to a different weighting scheme, 
the minority sample cannot be combined with the general sample.

Our general impression is that BRFSS has good accessibility, high reliability and consistency, 
moderate good analytic utility, and low enhancement potential.

3.13  VITAL RECORDS

The Vital Records Of�ce mainly keeps three vital statistic records:

Birth records (vital—birth). All Nebraska birth certi�cate information is collected at 
the hospital and entered directly into the vital records electronic registration system at 
Nebraska DHHS. Home births are entered by health statistics staff. Out-of-state resident 
births are received electronically through the State and Territorial Exchange of Vital 
Events (STEVE) or via paper and entered into the system. Birth records have been regis-
tered since 1904. Birth certi�cates have been �led since 1912. Digital records can be traced 
back to 1970 with main birth outcomes, such as birth weight, infant death, mother’s age 
at birth, race and ethnicity, and educational level. More complete identi�able information 
started in 1989. Most urban births since 2005 have been geocoded to the census tract level. 
In 2012, there was a total of 25,939 live births among Nebraska women.

Death records (vital—death). Records are collected from funeral directors, physicians, phy-
sician assistants, county attorneys or their designated representatives, and coroners. Death 
certi�cates have been �led since 1904. Electronic registration began in 2006. Out-of-state 
resident deaths are received electronically through STEVE or via paper and entered into 
the system. Demographics such as age, sex, race, and ethnicity, together with a list of 
underlying causes of deaths (ICD-10 coding), are available. Annual compiling certi�cate 
data are usually available with about a 6-month time lag. Most urban deaths since 2005 
have been geocoded to the census tract level. A total of 15,654 deaths occurred among 
Nebraska residents in 2012.

Marriage records (vital—marriage). All marriage certi�cate information is gathered from 
the county clerk when the bride and groom apply for the marriage license. After the couple 
is married, the license is transmitted both electronically and by paper to the Nebraska 
DHHS Of�ce of Vital Records, where the information is veri�ed. Marriage certi�cates 
have been �led since 1909. A total of 12,376 marriage certi�cates were issued in 2012.

Our general impression is that vital records have good accessibility, moderate reliability and 
consistency, moderate analytic utility, and good enhancement potential.

3.14  BIRTH DEFECT REGISTRY

The Nebraska Birth Defect Registry (NBDR) is a statewide, population-based data system. It 
provides data for the purpose of initiating and conducting investigations of the causes, mortality, 
methods of prevention, treatment, and cure of birth defects and allied diseases. Data are collected 
monthly from physicians, hospitals, and persons in attendance at births. Such reports are required 
to be submitted to the department no later than the 10th day of the succeeding month after the birth. 
When either parent objects to furnishing information relating to the medical and health condition 
of a live-born child because of a con�ict with his or her religion, such information shall not be 
required. However, not all hospitals report on time, and there is also long time delay until when data 
are entered into the system. A total of 2285 birth defects were diagnosed among 1213 children born 
to Nebraska women in 2012.
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Our general impression is that NBR has good accessibility, moderate reliability and consistency, 
low analytic utility, and moderate enhancement potential.

3.15  NATIONAL ELECTRONIC DISEASE SURVEILLANCE SYSTEM

The Nebraska DHHS and local health departments have access to the state’s Electronic Disease 
Surveillance System (NEDSS), which is currently used to capture and document information 
regarding laboratory reports and human exposures of public health importance. The data are labo-
ratory reports of reportable diseases for ongoing surveillance.

State regulations dictate what conditions are reportable. Any physician or laboratory that has a 
Nebraska resident who has been diagnosed with a reportable condition must provide that laboratory test 
to the state. Physicians who identify a cluster of cases or a new or novel condition must report the cluster 
or novel condition to the state. Data collected include name, address, age, date of birth, laboratory per-
forming the lab test, physician information, and lab test results. Data are received daily.

The data have been collected since 2005. Laboratory reports and outbreak information are 
collected for conditions and diseases, including, but not limited to, rabies and animal-to-human 
transmission diseases, food- and waterborne diseases, hepatitis, chronic hepatitis C, HIV, sexually 
transmitted diseases (STDs), vaccine-preventable diseases, tuberculosis, and antimicrobial resis-
tance. The NEDSS can also be adapted to address emerging public health issues such as Ebola. 
Local health departments have access to NEDSS, which allows the secure exchange of information 
between the state and local health departments. However, due to the sensitive issues related to the 
data system, the data are rarely released to public health researchers.

3.16  NEBRASKA NEWBORN SCREENING

Newborn screening is conducted for every baby born in Nebraska, which includes a set of blood tests that 
detect conditions that could be harmful to a child. Eight conditions are screened: biotinidase de�ciency, 
congenital primary hypothyroidism, congenital adrenal hyperplasia, cystic �brosis, galactosemia, hemo-
globinopathies, medium-chain acyl-CoA dehydrogenase de�ciency (MCAD), and phenylketonuria 
(PKU). The data are population based, with more than 97% of newborns being screened each year. All 
newborns who receive a screen are in this database. Babies who die before a screen is collected may 
not be entered in the database. Filter paper blood specimens collected at the hospital have demographic 
information recorded from the medical record. These are sent to the contracted laboratory that enters 
all these data into the system. When test results are completed, they are added to the individual record.

3.17  PREGNANCY RISK ASSESSMENT MONITORING SYSTEM

The Pregnancy Risk Assessment Monitoring System (PRAMS) is an ongoing population-based risk 
factor surveillance system (survey) designed to identify and monitor selected maternal behaviors 
and experiences that occur before, during, and shortly after pregnancy. A random sample, strati-
�ed on the maternal race and ethnicity of about 10% of new mothers across the state who recently 
delivered a live birth, is selected from the birth certi�cate registry monthly to receive the survey. 
The goal of PRAMS is to reduce infant illness and death. PRAMS in�uences health care systems 
and maternal behaviors that affect health during and right after pregnancy. The data are population 
based for ongoing surveillance.

Each month, a strati�ed sample of approximately 200 mothers is randomly selected from recent birth 
certi�cates. PRAMS participants are �rst contacted by mail, and if results are not received, then they 
are contacted by PRAMS phone interviewers. The response rates have been around 80%. Hence, there 
are nearly 2,000 respondents each year. The data have been collected annually since 2000. Normally, 
researchers cannot access data with identi�able information, so the linkage potential is moderate.
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Our general impression is that PRAMS has moderate accessibility, high reliability and consis-
tency, moderate analytic utility, and moderate enhancement potential.

3.18  NEBRASKA ADULT TOBACCO SURVEY AND SOCIAL CLIMATE SURVEY

The Nebraska Adult Tobacco Survey (ATS) (in 2000, the Social Climate Survey [SCS] was also 
included) is a population-based ongoing telephone survey that the state developed. The survey 
provides tobacco-related information on the Nebraska adult population not captured through the 
BRFSS. The survey collects data on tobacco use, cessation, exposure to secondhand smoke, smoke-
free policies, attitudes and beliefs about tobacco use, tobacco control and prevention, knowledge 
and awareness about tobacco and health, tobacco control and prevention media efforts, and youth 
access to tobacco products. The data are population based for ongoing surveillance. Data are col-
lected from a random sample using random digit dialing techniques. The data have been collected 
annually since 2002.

3.19  NEBRASKA WIC PROGRAM

Nebraska WIC is the special supplemental nutrition program for women, infants, and children. The 
WIC system is used to enroll WIC participants; store and manage participant records; track partici-
pant health-related data; issue WIC food instruments; issue, process, and reconcile food instrument 
redemption data; reconcile and report monthly participation and �nancial data; manage vendor data 
and the vendor cost containment system; manage the WIC infant formula rebate contract and bill-
ings; maintain U.S. Department of Agriculture (USDA) participant characteristics data and report-
ing; maintain USDA integrity pro�le data and reporting; and produce ad hoc reports. The data are 
program level for ongoing program management and surveillance.

Data are collected from anthropometric and biochemical data and from self-reported WIC 
client records; self-reporting WIC retailers, with some data veri�ed by state and local WIC staff 
for application purposes; program accountability and �nancial information; various tools used to 
collect client data, including the health assessment form, diet survey form, and computer system 
screens; retailer information collected from program applications and on-site visits; and �nancial 
and accountability information from computer system and processing contractors. Data are not 
available for individual clients or vendors or in a format that may identify individuals. Aggregate 
data are available from standard reports.

3.20  PREGNANCY NUTRITION SURVEILLANCE SYSTEM

The Pregnancy Nutrition Surveillance System (PNSS) is a national program-based public health sur-
veillance system that monitors risk factors associated with infant mortality and poor birth outcomes 
among low-income pregnant women that participate in federally funded public health programs. In 
Nebraska, all of the data are collected through the Nebraska WIC program in coordination with the 
CDC. WIC state and local agencies utilize PNSS information to identify priority areas for educa-
tion and targeting of services, monitor progress toward program objectives, and evaluate program 
effectiveness. The data are program level for ongoing surveillance.

During the prenatal clinic visit, demographic and maternal health and behavioral data are 
collected, and at the postpartum clinic visit, infant health data describing the birth outcome are 
obtained. Each woman contributes one record representing one pregnancy. The PNSS record that 
includes both prenatal and postpartum data is collected in the clinic and aggregated at the contribu-
tor or state level and then submitted to the CDC on a quarterly basis. PNSS data have been collected 
annually since 1983. In 2012, the CDC discontinued PNSS. The �nal data year available is 2011. 
Historical data are available from the data contact.
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3.21  PEDIATRIC NUTRITION SURVEILLANCE SYSTEM

The Pediatric Nutrition Surveillance System (PedNSS) is a national public health surveillance 
system that describes the nutritional status of low-income infants and children who attend feder-
ally funded child health and nutrition programs. In Nebraska, all of the data are collected through 
the Nebraska WIC program in coordination with the CDC. WIC state and local agencies utilize 
PedNSS information to identify priority areas for education and targeting of services, monitor prog-
ress toward program objectives, and evaluate program effectiveness. The data are program level for 
ongoing surveillance.

Data are collected at the clinic level and then aggregated at the state level and submitted to the 
CDC for analysis. When multiple visit records are submitted for a child during the reporting period, 
the CDC creates a unique child record following speci�c selection criteria that may contain some 
data from all available records. The CDC then calculates the nutrition-related indices and sends 
each contributor agency a series of annual tables that summarize the prevalence and trends of 
nutrition-related indicators by age of child and race and ethnicity. PedNSS data have been collected 
annually since 1982. In 2012, the CDC discontinued PedNSS. The �nal data year available is 2011. 
Historical data are available from the data contact.

3.22  YOUTH RISK BEHAVIOR SURVEY

The Youth Risk Behavior Survey (YRBS) is a health behavior–related survey of Nebraska public 
high school students. It is part of the National Youth Risk Behavioral Surveillance System, cre-
ated in 1990 by the CDC. The YRBS identi�es and monitors priority health risk behaviors that are 
established during youth and result in sickness, disability, death, and social problems among youth 
and adults. It is the only school-based surveillance system to monitor the six priority health risk 
behaviors identi�ed by the CDC among school-aged youth.

Survey topics include intentional injuries and violence, physical activity, nutrition, tobacco use, 
alcohol and substance use, HIV/AIDS and human sexuality, and asthma. The YRBS is conducted 
biennially by the Nebraska Department of Education among a representative sample of public high 
school students. The YRBS is the only survey in Nebraska that provides state-level estimates for 
high school students across a variety of important health areas, making it extremely important to 
the public health work in the state.

It provides information to assist communities, schools, districts, and state agencies to plan 
effective health prevention strategies for school-aged youth. It also provides critical data needed 
for local, state, and national grants to access funding to address health priorities in youth. In 
addition, the national coordination of the survey allows for Nebraska to compare its survey 
results to the results from other states and the nation as a whole. The Nebraska Department of 
Education, in collaboration with the Nebraska DHHS and schools, has conducted the YRBS 
biennially since 1991.

3.23  NEBRASKA YOUTH TOBACCO SURVEY

The Youth Tobacco Survey (YTS) is an ongoing population-based, school-based survey. The sur-
vey provides tobacco-related information not captured through the YRBS and Nebraska Risk and 
Protective Factor Student Survey (NRPFSS). The information helps the state and communities plan 
effective youth tobacco prevention initiatives. YTS uses a two-stage probability sample design that 
is proportional to school enrollment. The YTS data were collected from Nebraska public middle 
schools and high schools in 2000, 2006, 2008, 2010, 2013, and 2015 biennially (2015 data were 
only from high schools). Data are generally accessible to public health researchers, but they cannot 
be enhanced.
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3.24  NEBRASKA RISK AND PROTECTIVE FACTOR STUDENT SURVEY

The NRPFSS is part of the Nebraska Student Health and Risk Prevention (SHARP) Surveillance 
System, which includes the coordinated administration of three school-based student health surveys 
in Nebraska. The NRPFSS is designed to measure adolescent substance abuse, delinquent behav-
iors, gambling, and the risk and protective factors that predict adolescent problem behaviors. The 
survey targets all public and nonpublic school students in grades 6, 8, 10, and 12 in Nebraska.

The survey has been administered six times in Nebraska, with the �rst administration occurring 
during the fall of 2003. All participating school districts get a personalized report of their results. 
The NRPFSS is primarily intended to provide local-level data to support local health planning and 
evaluation. Data are collected, processed, and reported by the Bureau of Sociological Research at 
the University of Nebraska–Lincoln as a contractor for the Nebraska DHHS.

The NRPFSS, which is based on nationally validated surveys, is speci�c to Nebraska and not 
part of a national surveillance system. All Nebraska schools, public and private, with a grade 6, 8, 
10, or 12 are eligible and can choose to participate. In participating schools, all students in eligible 
grades are asked to complete the survey. Data are collected by paper-and-pencil administration in 
the classroom. Due to the voluntary nature of the survey, participation consistency and geographic 
coverage may not be ideal.

The survey has been administered during the fall of 2003, 2005, 2007, 2010, 2012, and 2014. 
Participating school districts get a report with their results. In addition, reports are generated at the 
county level (for counties that met the reporting requirements), as well as for substance abuse pre-
vention coalitions, local health departments, behavioral health regions, and the state overall. Data 
are generally accessible to public health researchers, but they cannot be enhanced.
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4 Data Linkage to Gain 
Additional Information

4.1  INTRODUCTION

Let’s start with a hypothetical event. One hot summer evening, John crashed his car into a telephone 
pole on a state highway, broke his collarbone, and severely injured his shoulder. A state trooper was 
the �rst on the scene, and tests showed that John’s blood alcohol content was 1.7. An ambulance 
arrived a few minutes later and took John to the emergency room (ER) at a local hospital. In this 
example, the state trooper had critical information about the blood test, while emergency medical 
services (EMS) had in-vehicle treatment information, and the hospital had information about the 
type of injury, initial (ER) treatment, surgical procedures during hospitalization, and later rehabili-
tation treatments. From the point of view of preventing driving under the in�uence of alcohol, we 
want to know if John had any behavioral problem, such as overdrinking, and if he would adhere 
to rehab treatment after the accident. Since each government or health service unit (motor vehicle 
administration, EMS, and hospital) maintains its own data, and there was no data sharing agree-
ment except for trauma patients, we would not routinely be able to link these data. Fortunately, the 
U.S. Federal Highway Administration, together with some state highway administrations, funded 
the Crash Outcome Data Evaluation System (CODES), which links the three administrative data-
sets. In addition, we could also link to other data. It turned out that John had previously sought 
behavioral treatment and been admitted to a hospital for alcohol problems. It also turned out that 
John had participated only in the court-directed alcohol treatment program, while he had opted out 
of a physical therapy program for his injuries. Although we knew from the hospital data linkage 
that John had private insurance, we suspected that he might not have suf�cient coverage due to 
either co-pay or insuf�cient income. We then geocoded his address and found that he lived in a poor 
neighborhood or census tract with about 21% of individuals living below the federal poverty line.

This example highlights the importance of linking multiple datasets to gain additional informa-
tion. We linked John’s records to his own personal information in hospitals and other settings. We 
also linked his records to the neighborhood he lived in to gain some insight about his socioeconomic 
status. Although our record linkage de�nition is broadly de�ned, including linking (1) person-
speci�c data from multiple data sources and (2) contextual data that refer to the same person, we 
limit our discussion to the linkage of personal records.

Most public health data in a state public health agency are collected administratively to ful�ll 
legislative and federal grant mandates. Data can be arranged by a number of topics or themes. At 
the broader end, cancer registry and trauma registry data are collected for general disease surveil-
lance and analysis. These data tend to have many variables or data items covering a wide range 
of topical areas. At the other end of the data spectrum, administrative data are collected for very 
speci�c purposes, with limited data items and designated use. Examples include cancer screening 
data for disadvantaged groups (e.g., from the Every Woman Matters program), death records, and 
infant screening records. Regardless of the breadth of data, items linking one dataset to another 
would likely add another dimension for data analysis to improve disease surveillance and program 
management.

Many programs in a state public health agency require data linkage as part of their operations. 
In Nebraska, the Nebraska Cancer Registry is routinely linked to death certi�cates to ascertain vital 
status for cancer patients. The breast cancer screening program routinely links records of those 
patients with a positive screening result to the cancer registry and Medicaid data to track cancer care 
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insurance. The CODES program routinely links the police crash report, EMS, and hospital E-code 
data to trace injured individuals from the crash scene throughout the health care system and identify 
the causes and outcomes resulting from motor vehicle crashes. The Women, Infants, and Children 
(WIC) program is required to link eligible mothers to other social services. In addition, there are 
often ad hoc data requests linking infant screening, childhood immunization, and refugees to cor-
responding downstream service data.

Advocacy of record linkage in public health can be traced back to at least 1946, when Dr. Halbert 
Dunn (1946) wrote a commentary in the American Journal of Public Health. At the time, Dunn was 
the chief of the national Of�ce of Vital Statistics of the U.S. Federal Security Agency. He envisioned 
a book of life created by data linkage from birth to death using primarily birth certi�cate numbers 
for all the states. The linked data would then become the basis for linking to other records from hos-
pital care, insurance payment, pension, social security, and other administrative data. He coined the 
term of Life Record Index to capture his linkage strategy and thought that the overall linkage strat-
egy would be relatively easy to design and implement. While the unique birth certi�cate number 
system was recommended and later implemented in all states, its linkage to other data systems was 
rarely seen until the late 1980s, when computerized linkage become less computationally intensive. 
In this regard, the numbering system developed in the early years made it possible to retrospectively 
link birth, death, and marriage records within the vital statistic system going back many years. 

Datasets linked through a unique identi�er are deterministic linked data. However, not many 
datasets have a unique identi�er, in which case multiple record identi�ers, such as name and date 
of birth (DOB), are necessary for linking two datasets. Some datasets even have a unique person 
identi�er, such as a social security number (SSN). The use of the SSN is rather restrictive and, in 
most cases, is not allowed for linkage outside of the authorized purpose. For example, a mother’s 
SSN is available from the birth certi�cate, but it can only be used for welfare veri�cation. If one 
wants to link multiple births for birth outcomes, the SSN cannot be used. In addition, some people 
do not have an SSN, and some SSNs are incorrect. Hence, a better practice is to design a probability 
linkage procedure even if an SSN is available.

In a probability linkage process, personal identi�ers other than the SSN are used even though a 
deterministic identi�er, such as an SSN, is available. The earliest probabilistic linkage method is 
from Newcombe et al.’s (1959) work published in Science. Newcombe and colleagues in Canada 
were interested in determining genetic disease passed from parents to children, and they used birth 
and marriage certi�cate data in British Columbia to develop a probability linkage method based 
on the computer technology of the time. Twenty-three years later, Newcombe and colleagues sum-
marized their statistical methods of using name to link personal records (Newcombe et al., 1992). 
Later, Jaro (1995) and Cook et al. (2001) provided an introductory summary of linkage methods and 
steps, while Roos and Wajda (1991) and Hser and Evans (2008) shared some lessons learned from 
multiple data linkage projects.

In the rest of the chapter, we �rst describe essential elements of probability data linkage and 
then provide an example to lead a complete linkage process. Since many health departments may 
not carry out data linkage by themselves, we also provide some guidelines about managing a data 
linkage project and protecting data con�dentiality. Finally, we provide a summary of the chapter.

4.2  DATA LINKAGE ESSENTIALS

4.2.1 D ATA FILE ASSESSMENTS for DATA LINKAGE

Data linkage has two dimensions: identifying multiple appearances of individuals within a data-
set and among different datasets. Although linking multiple records in a single dataset, such as a 
mother with multiple births from a birth registry, is routine, most data linkage projects are associ-
ated with integrating records across datasets. In the latter case, record linkage involves at least 
two �les. Newcombe et al.’s (1959) early work actually included both dimensions. Suppose that 
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�le B contains individual birth records and �le A contains marriage certi�cate records. Each �le 
consists of a large number of �elds or variables pertaining to characteristics of each �le. Linkage 
can be carried out when at least one �eld on �le A is available on �le B. For example, when a 
mother’s �rst and last names and DOB are deemed appropriate �elds for matching, both �les A 
and B should have at least these �elds. If �le A has j records and �le B has k records, a simple 
matching algorithm is (1) start from record 1 ( j – ( j – 1)) in A and search through all records in 
B for matches, (2) move to record 2 ( j – ( j – 2)) and go through all records in B for matches, and 
(3) repeat 2 until the end of records in A. If each record in A found only one match in B, and all 
records in A found matches, then j < k, and vice versa. Even though counting matched pairs seems 
trivial, it comes in handy when assessing matching strategies and diagnosing potential matching 
problems, as shown below:

	 1.	Total record match pairs versus total unique person matching pairs. This matching pro-
cess generates j × k pairs of records for potential linkage at the record base. The above 
algorithm works more ef�ciently when it links unique persons �rst and then populates all 
linked records. Hence, matching or linking in practice is most often according to unique 
person identi�ed by matching �elds. Care must be taken when a linked record is populated 
to multiple records of the same person. For example, a cancer patient had two records, one 
for breast cancer and the other for colon cancer. Linking the patient to hospital discharge 
data can identify multiple hospitalization records. A person-to-person unique record pair 
would say only that the cancer patient is found in the hospital discharge data. To pair hospi-
talization events, hospital admission date, diagnosis date, or hospital treatment date should 
be used.

	 2.	Preliminary assessment of the appropriateness of matching �elds. Selecting matching vari-
ables or �elds is not necessarily a straightforward process. Obviously, if two �elds, such 
as age and sex, cannot uniquely identify an individual person or entity, then the two �elds 
are not appropriate. However, when two sets of variables can both be used as identi�cation 
�elds, choosing which set to use can be done quantitatively. Let ju1 represent the number 
of unique values in A for the �rst set of selected match �elds (e.g., �rst name, last name, 
DOB) and ku1 represent the number of unique corresponding values in B. Let ju2 represent 
the number of unique values in A for the second set of selected match �elds in A (e.g., �rst 
name, last name, and birth year) and ku2 represent the number of unique corresponding val-
ues in B. If the product of ju1 × ku1 is greater than the product of ju2 × ku2, then the �rst set of 
matching �elds is better than the second set. To put it another way, if age and sex were to be 
used as match �elds in the second set, the product would be much smaller than the product 
of ju1 × ku1. Data analysts should be aware of this issue, because it is not always better to 
use name and DOB. For datasets based on hospitalization within a hospital, hospital-based 
identi�ers, such as admission date, discharge date, and last name, may be a better set of 
matching �elds than a set based on �rst name, last name, and DOB.

	 3.	Preliminary matching rate assessment. Based on a better set of matching �elds, an initial 
assessment can be performed based on a quick deterministic linkage operation on unique 
persons from two �les. If the number of a deterministically linked pair is large relative to 
the number of unique person records in either A or B (Ju or ku), then the potential linkage 
rate for probabilistic linkage is likely to be high. This operation can also be used for assess-
ing data quality for matching �elds, as spelling, typos, and informal names can also affect 
the eventual linkage ranges. The rationale behind this method is simple. Suppose we are 
interested in the matching rate for �le A. Matching �les A and B will generate an indicator 
variable of matching status with values of match (m) and unmatch (u) in �le A. This vari-
able will then separate all the matched and unmatched records into a matched set (M) and 
an unmatched set (U), with the number of matched sets in M being nm and the number of 
unmatched sets in U being nu. When nm is large, nm/(nm + nu) is also large.
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4.2.2 D EALING WITh LArGE DATASET BLoCKING

When two matching �les are very large, such as more than 100,000 records each, matching based 
on multiple �elds is very time-consuming. If the two �les can be partitioned into smaller segments, 
the matching process speeds up substantially. Blocking is a way to partition both �les into mutu-
ally exclusive and exhaustive subsets, so that a match within each pair of subsets can be performed 
sequentially. Using age as a blocking variable, with the top age as 100, would potentially yield 
100 age-speci�c subsets. The �rst subset is age <1, and the second is age 1–2, and the last subset 
is age 99–100. These age segmentations are called blocks, and they allow record matching within 
each block. Assuming that each age has 1000 records in each �le and that �les A and B each 
have 100,000 records, the number of search pairs without blocking would be 100,000*100,000, or 
10 billion. With 100 blocks, the search pairs would be 1000*1000, or 1 million, which is 10,000 
times smaller. The matching speed of the blocked datasets would be potentially 10,000 times faster 
than the matching speed without blocking.

However, if age in �le A has a systematic error of 1 year older than age in �le B (e.g., due to a 
coding error of the beginning age), then there would be no match between the two �les if each age is 
a block. If each 10-year age group is a block, then there would be 10 segments of 1 year that would 
not match. Therefore, a record matching design should include at least two blocking variables, so 
that �elds not matched by one blocking scheme will be matched by the other. A computer run based 
on a blocking scheme is often called a pass, and multiple passes are needed to improve matching 
speed and matching rates. This blocking and pass taxonomy is implemented in Link Plus, a public 
domain software supported by the Centers for Disease Control and Prevention (CDC). Other link-
age software packages may not use the term pass to describe a computer run based on a blocking 
scheme. And even if the software uses the term one pass or pass 1, it may not mean that one pass 
is based on one blocking variable. In fact, most linkage software allows a number of blocking vari-
ables in a single pass, and at least two passes are required.

The next question is, which variables should be used for blocking? Since improving speed is a 
major concern, we suggest the following properties:

	 1.	A blocking variable should meet at least two criteria: having as many categories as possible 
and having as few errors as possible. As a rule of thumb, a blocking variable with less than 
10 categories would not be desirable. In this regard, sex would not be a good blocking vari-
able. Even though addresses tend to be numerous, using addresses as a blocking variable is 
messy and not recommended.

	 2.	An ideal blocking variable should be able to divide a �le more or less evenly. Birth year 
would not meet this criterion because events that people are interested in matching, such as 
birth, death, and hospitalization, tend to be skewed by age distribution. In this regard, birth 
month (1–12) without year and birth date (1–31) without month and year are good blocking 
variables.

	 3.	An ideal blocking variable should have a one-to-one correspondence between �les A and 
B. For this reason, last name is rarely used as a single blocking variable in the �rst pass, as 
a lot of last names in �le A would not be found in �le B.

	 4.	A blocking variable can be created by combining a number of variables. For example, a 
combination of last name, birth month, and sex could be used as a blocking variable in the 
�rst pass, and another combination of variables with at least one variable difference from 
the �rst pass could be used as the blocking variable in the second pass, and so on.

	 5.	As a rule of thumb, one should not go beyond �ve passes when designing blocking vari-
ables and blocking schemes, and the less dependence among those passes, the better the 
blocking design. The main reason for this rule is that if you have more than �ve passes, and 
the �rst two passes are heavily dependent, then the blocking scheme might not ef�ciently 
catch the matched records in each pass. As each pass is made, the number of unmatched 
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pairs should be reduced. When a blocking scheme has �ve passes, the number of additional 
unmatched pairs should be stabilized in the last two passes. In mathematical terms, the 
�elds with the highest weights make the best blocking �elds.

4.2.3 D ETErMINING MATChING QUALITY: WEIGhTS

When selecting matching variables, it is expected that some variables are more important than oth-
ers in determining matching pairs, even though all the selected variables contribute somewhat to 
the matching process. For a common set of matching variables, such as �rst name, last name, DOB, 
and sex, common sense suggests that last name is more important than �rst name, and DOB is more 
important than sex. The contribution of each match �eld can be measured by its weight in a given 
matching scheme.

To understand weight formally, it is necessary to introduce two more notations: pm for the �eld-
speci�c probability of matched pairs and pu for the �eld-speci�c probability of unmatched pairs. 
Calculating pm is a straightforward process because the matched set is much smaller than the 
unmatched set. For example, if the sex �eld has 10% discrepancies, then the pm for the �eld would 
be 0.9, which is 1 minus the error rate of 0.1. The more reliable a �eld, the greater the pm. Since 
pu is the probability that a �eld agrees given that the record pair being examined is an unmatched 
pair, its denominator is the number of possible unmatched pairs, which tends to be a much big-
ger number than for matched pairs. For example, if �les A and B contain 1000 unique person 
records, there are at most 1 million possible record pairs, but only a maximum of 1,000 matches, 
leaving 999,000 unmatched pairs. Even though Pu =  1,000/999,000 =  1/999, it is very close to 
0.001(= 1,000/1,000,000). Pu is therefore essentially the probability that the �eld agrees at random 
when the �le size is large. In Fellegi and Sunter’s (1969) statistical treatment, the weight for a �eld 
is de�ned as the log2 of the ratio of pm and pu, which means that the larger the weight, the more 
important the �eld in determining a matched pair.

To show how a relationship between matched and unmatched pairs translates into actual val-
ues, we examined the match between �rst name and SSN �elds. Assume that sex has a 10% 
discrepancy rate or error rate and SSN has a 40% error rate. The pm for sex is 0.9. The u prob-
ability is 0.5 in situations with an equal number of males and females. Thus, the weight for sex is 
log2(rn/u) = ln(rn/u)/ln(2) = ln(0.9/05) = 0.85. Assume that the probability of chance agreement for 
a seven-digit SSN is 1 in 10 million. Given that the pm for SSN is 0.6 (1 – 0.4), the weight for SSN 
is log(0.6/0.0000001) = 22.51. Thus, the weight for a match on sex is 0.85, and for a match on SSN, 
it is 22.51. Since the sex �eld intuitively weighs less than the SNN �eld, this weighting calculation 
re�ects common sense.

In most software packages, a �nal or composite weight is calculated by combining all �eld-
speci�c weights. If a �eld agrees in the pair being compared, the agreement weight, as computed 
above, is used. If a �eld disagrees in the pair being compared, the disagreement weight is computed 
as log[(l – rn)/(l – u)]. This results in �eld disagreements receiving negative weights. Thus, agree-
ments add to the composite weight and disagreements subtract from the composite weight, and pm 
must always be greater than pu. Similar to �eld-speci�c weight, the higher the score, the greater the 
agreement is.

Although the �nal matching weight or score is a continuous variable, a cutoff point must be cho-
sen, so that matched pairs and unmatched pairs can be divided into two sets. A good practice is to 
select 20 pairs around an expected cutoff point and then do some manual checking to empirically 
determine the cutoff score. However, the location of an expected cutoff score usually depends on 
�le size. Based on the above example of 1000 unique person records in �les A and B, potentially 
all records in A could be matched. According to Cook et al. (2001), the calculation of the cutoff 
score requires three steps. The �rst step is to calculate the weighting score based on the desired 
con�dence interval. If we want the pm to be 95%, then the corresponding weight in the absence 
of �le size is log2(0.95/(1 – 0.95)), or 4.24. The second step is to calculate the –log2(pu); in this 
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case, it is log2(1/999) = –9.96. The third step is to add the values from steps 1 and 2 together, which 
equals 14.21. One should therefore move inspecting matching values empirically around weight 
score 14. For the statistical theory behind this calculation, interested readers can refer to Fellegi 
and Sunter (1969), where they also took attribute value distribution into consideration. For instance, 
Smith is a common last name, and its attribute value weight is smaller than that of a rare family 
name, such as Dankworth.

Note that as con�dence level increases, the step 1 value increases. As the number of records 
increase in a �le, the step 2 value increases. Both would call for an increase in the composite weight 
cutoff score. Since the �nal weight score is a function of matching �elds and blocking, the greater 
the weight demands, the more discriminative information that is needed to determine matched 
pairs. In other words, as the �le size increases, the demand for the number and the quality of link-
age variables increases. Cook et al. (2001) provide some empirical relationships between �le size 
and linkage variables.

4.2.4 P oSTMATChING EVALUATIoN

We have now decided matched and matched pairs by selecting an appropriate weight score. However, 
among the matched pairs, there are unavoidably some record pairs that are not true links among 
linked pairs, and some record pairs that are true links among the unmatched pairs. To evaluate 
postmatching quality, we need to de�ne some concepts. According to Blakely and Salmond (2002), 
it is necessary to distinguish match and link, the former in a deterministic sense and the latter in a 
probabilistic sense. Table 4.1 lists the combinations of match and link.

Based on Table 4.1, we can de�ne positive predictive value (PPV) as PPV = a(a + b). PPV is the 
proportion of linked pairs that are deemed true links, and it is the most commonly used indicator 
for postmatching assessment. If all linked records in one �le are true matches, then PPV = 1. If 50% 
of linked records are true matches, then PPV = 0.5. For example, in hospital discharge data, there 
is a variable called discharge status. For a patient who died in a hospital, the discharge status of 20 
is used. When mortality data are linked to hospital discharge data and the linked person died either 
30 days before or after the discharge date, then it might be a false positive. As we will see later, 

TABLE 4.1
Combination of Probabilistic Link Outcomes vs. 
Real-World Match Outcomes

Match Nonmatch

Linked a (true positive) b (true negative)

Unlinked c (false positive) d (false negative)

Note:	 Match: A pair of records from �les A and B refer to the 
same real-world entity.

Nonmatch: A record in �le A is not in �le B for the same real-
world entity.
Link: A pair of records that are accepted for the same real-world 
entity.
Unlinked: A pair of records that are not accepted for the same real-
world entity.
a: True positive link—an actual match was accepted as a link.
b: True negative link—a nonmatch was accepted as a link.
c: False positive link—a nonmatch was accepted as a link.
d: False negative link—an actual match was not accepted as a link.
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PPV is often calculated from samples rather than from complete records. On the other hand, false 
negative is not so easy to determine. In cancer registry operations, one is often involved in updating 
the vital status by using the National Death Index (NDI). NDI uses the SSN as the primary linkage 
variable. When the SSN and DOB are matched, this is often a true link. However, it can be rejected 
if the name �elds do not match. After using other information, such as marriage certi�cate or natu-
ralization certi�cate, we might �nd out that the person changed his or her name, but insurance and 
other billings were kept under the original name. In this situation, we have a false negative link and 
we could accept the link again in the data system. For example, in hospital discharge data, there is 
a variable called discharge status. When we �nd a lot of false negative, we can calculate negative 
predictive value (NPV) as NPV = d(c + d). In practice, however, we normally do not have a lot of 
cases, and NPV is therefore rarely used.

4.3  CASE STUDY: A COMPLETE LINKAGE PROCESS

The above introduction of data linkage concepts also points the importance of to a record link-
age process. As with most data analytical processes, a data linkage process should start with pre-
matching data standardization, data blocking, record matching, and postmatching review. In the 
hypothetical example of two data �les below, we highlight some issues in matching names. Given 
that DOB is matched, we list a number of issues with name matches. In Table 4.2, the �rst three 
columns after DOB are for the �rst, middle, and last names for �le A, and the last three columns 
are the corresponding three name �elds for �le B. The �rst issue is that �rst and middle names are 
often not consistent. Due to changes in family name, people often use a middle name to indicate a 
maiden name. In the absence of a maiden name �eld in a database, using a middle name �eld can be 

TABLE 4.2
Hypothetical Data Linkage Table from Two Files

No. Sex dob_m Fname midName LastName Fname midName mom_lnm

1 1 19581021 Ryyando Robertven Reader Ryyando Robertven Reader

2 1 19660525 Daniel Smith Miller Daniel Allen Miller

3 1 19631001 Jason Smith Miller Jason Allen Miller

4 1 19710514 Jeremy Lee Miller Jeremy Eugene Miller

5 1 19250300 Armando   Fernandez Armando   Fernández
6 1 19581020 Ryyando Robertven Reker Ryyando Robertven Reader

7 1 19320701 Georgine Ray Smith Georgine Ray Smith

8 1 19541105 Douglas Russells Wade Dog Russell Wade

9 1 19590419 Rendell Cassell Rendell Cassell

10 1 19470208 Bradley Mountain Wegner Bradley Mountain Wegner

11 2 19641223 Jean Wade Raskto Jean W Raskto

12 2 19581000 Amy Glenn Almansorion Amy Glen Farhranm

13 2 19320418           Crawford

14 2 19381212 Marcia Veronica Perez Mejia Marcie Veronica Perez-Mejia

15 2 19640905 Melanie Beth Hovland Melanie Beth Hovland

16 2 19370524 Teresa Rathjen Teresa Rathjen

17 2 19510822 Amelia   Hernandez Amilya   Larson-Hernandez
18 2 19691221 Alicia Marie Adams Alicia Marie Adams

19 2 19570520 Joanettia Loise Miller Joanettia Louise Miller

20 2 19661214 Marie Carolyn Miller Mary Carolyn Miller

21 2 19700811 Jamie Becker Lindburg Jamie Becker Lindburg

22 2 19520103 Lennett Kahn Livingston Lennett Kahn Livingston
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quite messy. In the second record, Daniel Smith Miller and Daniel Allen Miller could well be the 
same person. Second, some names come with special characters. In the �fth record, Fernandez and 
Fernández refer to the same last name, but they are spelled slightly differently when a Spanish spell-
ing option is available for one data �le but not for another data �le. Third, the �rst name could be 
slightly different due to convenience, as shown in record 17, where Amilia and Amilya could be the 
same �rst name. Record 17 also shows that the last name could be added in addition to the original. 
The above example in Table 4.2 relates only to name. There are issues related to dates, facilities, and 
events. In the following, we systematically go through a complete linkage process.

4.3.1 D ATA STANDArDIZATIoN

Even though weight and blocking are the most studied topics, data standardization or prematching 
data cleaning is the most time-consuming and important step.

	 1.	Overall data quality assessment. Before starting to clean data, the data quality in terms of 
accuracy and completeness within each �le, and the data consistency and timeliness between 
two �les, must be assessed. It is not easy to check data accuracy and completeness without 
external data sources. However, it should be possible to assess �eld-speci�c value distribu-
tion and missing values. For example, if the admission date is disproportionally greater for 
the �rst day of each month, the �rst day of the month would be less trustworthy than other 
days of the month. A good variable to check for females before marriage is their maiden 
name for data linkage. However, if 40% of maiden names are missing, then the value of that 
variable will be lower than if only 5% were missing. Most often, data values in one �eld are 
consistent, but it is still a good practice to check their distribution to assess their consistency. 
Between two �les, the same data �elds may have a different format. For example, sex is often 
coded as 1 or 2, with 1 being male and 2 being female. However, if one �eld is numeric and 
the other is a character string, then the match would be dif�cult. In addition, some databases 
also use F and M to refer to female and male, respectively. When data are in �at �les and have 
not been integrated over the years, data values may not be consistent within a �eld. For those 
reasons, data and format consistency should always be checked in a data linkage process.

	 2.	Date format. Date can be entered in the U.S. format [MM DD, YYYY] or in a format com-
monly used by other countries [DD MM YYYY], in which day and month are swapped. 
An easy way to check date format is that a day value should be less than 31, and a month 
value should be less than 12. For example, 1375 persons were born on the �rst day of the 
month in a 5-year sample of Nebraska registry data. The average number of persons born 
on days 2–30 of the month was 1176 persons. Thus, there were 199 more persons than 
average born on the �rst day of the month than during the remainder of the month. This 
distribution could be due to human error or computer defaults, rather than to chance. By 
looking at the values in the month, day, and year �elds, most problems associated with 
an eight-digit date �eld can be resolved. In addition, the position of YYYY can also be 
changed, as happened to North American registry data before and after 2012.

	 3.	Data cleaning. When data quality issues are found, they must be resolved. A guiding prin-
ciple is to standardize matching �elds as much as possible in terms of names or numbers. 
For instance, Spanish names often have special characters that are not consistent between 
different databases. It is a good practice to remove the special characters even though some 
linkage software can handle them. In Table 4.2, Amelia and Amelya are the same person, 
but with a slightly different spelling. In Chinese, Yan Zhang can refer to more than four 
different names, such as  (Zhang, Yān),  (Zhang, Yán),  (Zhang, Yăn), and 

 (Zhang, Yàn).
		  Deduplication that removes and keeps track of duplicate records is also part of data clean-

ing. It not only increases linkage speed, but also increases linkage consistency. Suppose 
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that records a1 and a2 are for the same person with slightly different �rst-name spellings. 
Without deduplication, a1 is matched to b1 and a2 is matched to b2, contradicting intuition 
that the same known person in �le A should not be matched to a different person in �le B. 
This problem is also referred to as transitive closure. Finally, women often change their 
names. If the maiden name is available either as part of the last name or as a separate �eld, 
it can be included as a matching �eld. If only one data �le has the maiden name �eld, then 
one can create a pseudorecord that indexes with the original record. If either the original or 
pseudorecord is linked, one can then determine a true linkage pair later.

	 4.	 If a linkage or deduplication process includes address �elds or other �elds that are prone 
to irregular entries, �eld parsing or segmentation is often necessary. Normally, apartment 
numbers should be segmented out to a separate �eld. A zip + 4 �eld should be used only 
with a �ve-digit zip code.

4.3.2 D ESIGN BLoCKING VArIABLES

An ideal blocking variable should have high attribute data quality (for a correct classifying block) 
that can generate as many evenly distributed groups as possible. Assuming that Table 4.2 has eight 
matching variables, DOB, �rst name, middle name, last name, street address, city, state, and zip 
code, the last name could be used as a blocking variable. However, many records have Miller as 
the last name, defeating the purpose of blocking ef�ciency. The middle name could also be used 
as a blocking variable, but it has a number of missing values. Hence, the �rst name would be more 
appropriate for blocking, as it is more complete (no missing values) than the middle name and is 
distributed more evenly than the last name.

4.3.3 M ATChING

Before choosing matching variables, both �les should be carefully examined for high-quality attri-
bute values. It should not be taken for granted that personal identi�ers are the best choice. When 
both sets of data have an event-based identi�er, such as admission date, it should be included even 
for just a subset of records. An example is data from a cancer registry that can be linked to hospi-
tal discharge data. Even though the purpose might be to obtain comorbidity for individual cancer 
patients, both cancer registry data and hospital discharge data have event-based information. The 
date of surgery is often available, and it may correspond to admission date, procedure date, and so 
forth. The bottom line is that the data analyst should be knowledgeable about the two �les to be 
linked. This knowledge acquisition should be started before requesting linkage variables and other 
variables for linkage purposes.

In probabilistic linkage, obviously not every character in a name will be matched. A linkage 
system normally employs a phonic encoding system to handle the most common English spellings 
and nicknames. Soundex, Phonex, Phonix, and the New York State Identi�cation and Intelligence 
System (NYSIIS) are commonly available for linkage software. Soundex is the oldest phonetic 
encoding algorithm that converts English names into numeric codes according to a set of rules. 
Phonex extends Soundex by preprocessing a dozen characters, such as s, kn, and ph. Phonix further 
extends Phonex by including hundreds of preprocessing rules. The NYSIIS encoding algorithm was 
developed by considering the other three systems, and it is generally equal to or slightly better than 
the Soundex and Phonex encoding methods. In other words, when Soundex and NYSIIS are both 
available for name indexing or blocking, NYSIIS is the preferred choice.

String comparison algorithms are normally not explicitly available for data analysts to choose in 
a linkage software package, and a detailed discussion is beyond the scope of this chapter. However, 
a brief description of how string comparison algorithms work and how to choose a preferred 
algorithm may be helpful. Common algorithms include the edit distance; the Smith–Waterman 
edit  distance; and Q-gram-based, Jero–Winkler, and Monge–Elkan string comparison methods. 
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The edit distance method �nds the smallest number of edits that would make two strings identical, 
and the Smith–Waterman method is an extension, where the edit distance incorporates white space 
and dashes and other ways of expressing compound names. The Q-gram-based method splits a 
string into a number of substrings based on a number of characters (q) and then compares sub-
strings in relationship to the total number of substrings. The above string comparison methods 
can be for any strings (e.g., address), while the Jero–Winkler method was designed speci�cally for 
the comparison of names. Similar to the Q-gram-based method, the Jero–Winkler method uses a 
moving window of prede�ned length to extract and compare substring similarity, such as substring 
agreement or number of transpositions (e.g., pi vs. ip). The Monge–Elkan string comparison is 
used mainly for a string value that contains several words, such as address matching. SoftTFIDF is 
another long string or composite string comparison method. Since most people do not know these 
matching algorithms, some software packages, such as Link Plus, use layperson’s terms to corre-
spond to some of the algorithms. Data analysts should follow the match method in layperson’s terms 
when selecting a method.

4.3.4 P oSTMATChING EVALUATIoN

We have already mentioned that a common method to classify linked and unlinked pairs is based on 
the composite weighting score that sums the individual attribute weights. In practice, unlinked pairs 
are those below a threshold value that are predetermined to be unmatchable or highly questionable. 
The linked pairs are those that can be divided into matches and potential matches. The �rst task 
of postmatching evaluation is to determine the cutoff weight or score that distinguishes these two 
classes.

The threshold is normally determined manually. Usually, a sample of 20 or 30 records from 
each side of an expected cutoff value is evaluated. This evaluation can move upward or downward, 
depending on the initial evaluation. If the sampled records above the threshold have more mis-
matches (>5%), the cutoff score can be moved higher. On the other hand, if the mismatches below 
the threshold are <5%, the score can be moved further down. The goal is to �nd the cutoff score that 
minimizes the probability of mismatches above the score. It should be pointed out that the compos-
ite or summary weighting score masks individual weight, which in some cases is important to know. 
For example, if the weights assigned to �rst and last names are 1 and 2, respectively, a female who 
changed her last name would be weighted more heavily if her current last name in �le A does not 
match her previous last name in �le B.

Finally, at least two different people should conduct a manual review. The sample size for a 
manual review must be determined at the outset. At the 5% con�dence interval, a sample of 400 is 
suf�cient for any �les having greater than 50,000 matched pairs. Alternatively, a sample calculator 
can be used to determine the exact sample size for review. Although reviewers do not need to know 
statistics, they should be able to pay attention to detail and determine similarity based on a set of 
attributes. In general, a manual review should have more information than what is already there 
from matching variables. For instance, addresses may not be used for linkage, but they should be 
provided for manual review if possible. When linking the cancer registry data to the hospital dis-
charge data, the event date, such as the admission date for surgery in the cancer registry data, may 
be available. When this variable is not used in linkage, due to various reasons, it can be used for 
manual review. If the linkage quality is acceptable after the review, then the PPV can be calculated. 
Otherwise, the cutoff point must be �ne-tuned and the review conducted again.

Besides the above manual review process, which is often conducted by linkage specialists, pro-
gram managers can also conduct some review. At the managerial level, one needs to think about 
a big picture—we call it a broader or macroreview. For example, death records are often linked to 
cancer data. We could use pancreatic cancer to conduct some reviews by race or by year. If for race 
A a high proportion (75%) of patients died within a year, while a substantially low proportion (40%) 
of patients of another race died during within a year, this would raise a �ag. Time is another good 
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macrovariable for conducting a review. Hospital discharge data are often linked to death certi�cate 
data to update 1-year mortality. As a manager, a mortality rate comparison between 2 and 3 years 
before and after a cutoff time could yield useful information. If the 3-year mortality rate for acute 
myocardial infarction (AMI) is 8% between 2004 and 2006 and 15% between 2008 and 2010, then 
this should raise a �ag for the matching quality of the early years. In some situations, one may also 
want to compare the state mortality rate with the national rate. If the state rate is too high, such as 
5% more than the national rate, then a �ag should be placed. In any cases, the managerial review 
should be timely and broad in nature. If a �ag is raised, then the matching and technical review 
processes can be probed.

As mentioned above, data linkage should have a sponsor who has a keen interest in the linked 
product. For this reason, one of best quality controls at the managerial level is to encourage using 
linked data. A study of time trends could be used for quality control, but they can also be a stand-
alone study with substantive interest. One of the main purposes for linking death records to hos-
pital discharge data is to study patient survivals beyond hospitals. After initial linkage, one should 
encourage program data analysts to use data. Although the product may not be �nal, all the vari-
ables are unlikely to change, and data analysts can become familiar with newly added variables to 
the hospital discharge data and start some initial assessments. If there are some data quality issues, 
such as the death date is before the admission date, or a large number of in-hospital deaths due to a 
particular disease (i.e., with the discharge status being “expire”) cannot be found in the linked death 
records, the data analyst can report them immediately—before the �nal linkage product.

4.4  OTHER ISSUES IN RECORD LINKAGE

4.4.1 T rAINING

Training is always important, as it sets the standard within the organization. Most data analysts who 
have biostatistics or informatics degrees do not have real-world experience with record linkage. Even 
if someone has record linkage experience, it is still a good idea to go through training. Protocols 
for training and linkage practices should be established, and a practice linkage dataset should be 
compiled that re�ects major organizational needs. The purpose of establishing protocols is to reduce 
postlinkage regrets due to lack of experience or lack of an overall picture of what is to be achieved 
through data linkage. The established linkage protocol should then be carefully reviewed by expe-
rienced linkage experts within the organization. When an organization does not have an expert, an 
outside consultant can be helpful. All data analysts who are expected to conduct data linkage should 
meet the minimum standard, so that the practice within an organization can be standardized.

Training requires a project leader to design several linkage operations typically found in an orga-
nization. In a public health agency, there are typically two types of linkage: person based and event 
based. Linking mothers from birth certi�cate data to women from marriage data is person-based 
linkage. Linking motor vehicle crash injury data to EMS data and hospital discharge data is event-
based linkage. Sometimes data may have both event and person identi�ers, even though the purpose 
may be for person-based linkage. Designing slightly different training modules to go with different 
types of linkage projects is essential for a successful linkage operation.

Different types of data linkage operations require different training datasets. Organizations 
should develop some datasets for training. Alternatively, many public domain datasets can be down-
loaded. Link Plus comes with a number of datasets for practice. Data analysts should use these 
training datasets to go through the complete linkage process described in Section 4.3.

4.4.2 P rIVACY

Privacy concerns in a public health agency often arise because of the potential for inappropriate 
data use, data storage, and data sharing. When linkage is conducted within a single organization 
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that is under the same privacy protocol, it is normally not an issue to request identi�able and other 
attribute data for record linkage. Even in this situation, however, some protocols are necessary. For 
instance, an informatics support unit may provide data linkage and conduct linked data analyses for 
multiple programs. However, the data linkage support unit should not share the linked data among 
the programs within the agency. In fact, the informatics support unit should not own any data. The 
separation of data support from programs increases professionalism in data linkage.

One of the major privacy issues related to record linkage in public health is consent to linkage. 
Although the public health agency has the authority to link person-to-person data without indi-
vidual consent, a privacy issue can arise in other ways. Sometimes record linkage is conducted in 
another organizational setting, and a linkage protocol that satis�es privacy requirements from both 
organizations must be drafted, reviewed, and agreed upon. One of the most frequently encountered 
privacy issues is nondisclosure. Some linkages require data sharing between agencies, and when 
this occurs, certain laws and policies concerning disclosure and consent are relevant. Notably, the 
Health Insurance Portability and Accountability Act (HIPAA) may apply to other agencies or orga-
nizations, even though the public health agency is exempted. In such a case, the public health agency 
has to work with other agencies or organizations to develop a proper protocol.

Another privacy issue is reengineering risks for reidenti�cation. Some datasets are linked using 
a universal ID number that is not supposed to be known by users. Secondary datasets are supposed 
to strip explicit identi�ers when released to researchers. However, few people in a public health 
agency are trained for privacy protection, so some reidenti�cation of some data subjects could occur 
through deductive reasoning. These problems already exist in nonlinked datasets. Linked datasets 
provide more information about an individual and are more susceptible to deductive reasoning. An 
example of this type of privacy issue is the linking of patients with a rare disease to census tracts: it 
would be relatively easy to identify the patients; thus, the risk of reidenti�cation might be increased 
signi�cantly. Sometimes a small risk of reengineering exists. When a linked dataset is requested, 
the public health agency has to rely on the institutional review board (IRB), which is often part of 
the data requester’s organization. The potential harms to data subjects are then weighed against the 
potential bene�ts to all. Even though two relatively innocuous datasets might be cleared by the IRB 
separately, the heightened sensitivity of the data due to data linkage calls for further scrutiny.

Finally, as in any person-speci�c datasets, data security is crucial to protecting linked data. 
Besides the fact that a linked dataset may be more detailed than its components, data transfer 
between programs, and data transportation between agencies or organizations, calls for encryption 
and other secured data transfer protocols and practice. When data are to be shared with another 
agency or organization, or even a researcher, written agreements can help ensure that security mea-
sures are in place. For releasing data to researchers without the safeguard of an IRB review, it is 
normally not safe to use common data suppression methods, such as requiring at least three or �ve 
subjects within a data cell. When a researcher wants to use data with greater detail, an approved 
IRB is required. In addition, a data use agreement from the public health agency side is needed to 
set contractual conditions about data access, security safeguards, and prohibition of reidentifying 
data subjects.

4.5  CHAPTER SUMMARY

This chapter has provided an overview of data linkage methodology. It �rst highlighted the 
importance of data linkage in public health practice and introduced deterministic and probabilistic 
link concepts. It stressed the importance of probabilistic record linkage by pointing out that (1) even 
though the SSN is available in many datasets, it is not authorized to use in general record linkage 
applications, and (2) some people do not have a SSN and some SSNs are incorrect. It then went 
through a complete data linkage process that included an initial data evaluation, the performance 
of a data linkage, and a manual review. Related concepts such as matching rate, blocking, pass, 
weight, false positive, and false negative were introduced. In addition, we provided a manager’s 
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perspective for data linkage that included training and privacy protection. Even though weight and 
blocking are the most studied topics, data standardization or prematching data cleaning is the most 
time-consuming and important step. Normally, the format of data �elds would be a major issue. 
Therefore, measures such as data quality checking, deduplication, parsing, and the standardization 
of the linkage variables should be taken into account to solve the problem.
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5 Indexing Multiple Datasets
A Bottom-Up Approach 
to Data Warehousing

5.1  INTRODUCTION

In Chapter 4, we introduced data linkage, which is the necessary condition for integrating different 
datasets at the record level. However, informatics support professionals do not own data. Although 
they can access suf�cient information for data linkage, the data products are returned to data link-
age requesters, normally a program or researchers. Even in a data warehouse, where all program 
data are stored in data servers, a data use protocol is often used to guide access of multiple data. In 
the past, there were very few data linkage operations within the state public health agency. However, 
as more and more programs require data linkage, overlapping and repeated data linkage for the 
same dataset become more and more common. Consequently, an integrated approach is needed to 
streamline data linkage and reduce project redundancy.

In this chapter, we propose a data infrastructure approach that treats each data linkage project 
as a piece of the whole. We also offer strategies that integrate data linkage processes and multiple 
datasets within a state or local health department. Some of the main concepts about data index and 
integration are from Data Warehousing Fundamentals for IT Professionals (Ponniah, 2008), but 
we tried to avoid technical details while maintaining a level that data managers and informatics 
administrators or decision makers could understand.

The remainder of the chapter is organized as follows. To motivate the integrated approach, we 
�rst lay out a typical data request process in a health department (Section 5.2). Duplicated and 
overlapping data requests are common; the challenge is how to strategically treat them (Ziegler and 
Dittrich, 2007). We believe that building an enterprise-based master patient index (MPI) in a data 
warehouse is an appropriate solution. With the intention of building an agency-wide data ware-
house, we discuss the requirements for the top-down and bottom-up approaches. We conclude that 
the bottom-up approach is more appropriate for loosely connected and program-based public health 
departments. In Section 5.3, we present our experiences and lessons learned about the bottom-up 
experiment. In Section 5.4, we sketch the main ideas about data integration using the MPI and 
loosely joint programs and their datasets. In the data warehouse language, they are data marts in a 
data federation. Finally, we provide a summary and offer some concluding remarks.

5.2  TOP-DOWN AND BOTTOM-UP APPROACHES TO DATA INTEGRATION

5.2.1 C ASE for DATA INTEGrATIoN

In a state health department, there are many data requests. Most are furnished by individual program 
data analysts or surveillance specialists. Data requests that require linking data from one program 
to another tend to be handled by informatics or statistics units within the department. Below we 
use a hypothetical data linkage request to state public health program A (e.g., motor vehicle crash 
injury outcomes) to illustrate the traditional protocol and practice for furnishing a data request 
(Figure 5.1).



64 Smart Use of State Public Health Data for Health Disparity Assessment

	 1.	Program A receives a data request from either an internal or external user for linking 
dataset A to dataset D for the years 2000–2005. Even though a user made the request to 
the public health agency, it is often program A that is �nally identi�ed by the agency.

	 2.	After some administrative reviews, a program A staffer may make data linkage a pair-to-
pair data integration. But most often, a program A staffer furnishes the data integration 
request to an informatics support unit for linking data A to data D for years 2000–2005.

	 3.	The informatics support unit is assigned a work order to link datasets A and D for the 
period of 2000–2005.

	 4.	Program A receives the linked data labeled “linked data A to D years 2000 to 2005,” or 
“L-A2Dy2000t05” for a short �le name.

	 5.	Program A delivers the linked �le to the data requester.
	 6.	 If the data requester �nds some discrepancy between what was requested and what was 

delivered, he or she may make an updated or revised request.

In the above scenario, program A is the data owner or steward for dataset A, which is an 
operational data store that keeps all the records and transactions at a point of time. Likewise, data-
set D is owned by entity D, which can be either a program or an organization. Dataset D can be an 
operational data store or an extract from an operational database. A data request can be internal or 
external. An internal data request comes from an employee within the public health agency, which 
can request and view individual identi�able data for public health practice purposes. An external 
request comes from outside of the public health agency to a program within the agency, which in 
turn may ask for an external institutional review board (IRB) or legal review within the public 
health agency. In any case, the owners of datasets A and B have to grant permission for use of the 
data. Let’s assume that dataset D is hospital discharge data (HDD) owned by organization D, which 
contributed to a data warehouse with the condition that after data linkage, personal identi�ers must 
be removed before releasing data D to any programs.

Now, let’s make the example more concrete. Dataset A is owned by the state Crash Outcome 
Data Evaluation System (CODES) program, and it is to be linked to the HDD, or dataset D. In a 
typical informatics support operation, linking dataset A to dataset D requires a cross-reference table 
that goes between datasets A and B. However, such a table may not be designed with repeated uses 
in mind. In addition, linking operational data stores A to D is not the only operation. In fact, there 
could be many datasets routinely linked to dataset D. Examples include trauma registry data, cancer 
registry data, and emergency medical services (EMS) to hospital data.

User needs
information

User makes a data
request to the agency

Agency directs
to a program

Program places a
work order for

review

Program sends the order
to supporting sta�

Program sends 
data to user

User checks
obtained data

User modi�es
data request

Typical public health
data request

cycle (3–8 weeks)

FIGURE 5.1  Data request cycle.
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Figure 5.2 shows four datasets—A, B, C, and X—to be linked to D. In a typical linkage opera-
tion, the informatics specialist would link data A to D, B to D, C to D, and X to D. In the probability 
linkage context, this operation has a number of problems. For example, one request could be for the 
2000–2005 time period, while another could be for 2000–2006. The two requests could be 1 year 
extra for the latter, with 5 years overlapping. Since identi�ers such as names have to be removed 
before releasing the �les, they are treated as two separate data linkage projects. Most often, data-
sets A–C are related to each other. Trauma registry records (dataset B) and EMS records are often 
found in motor vehicle crash records. When all three datasets (A, B, and C) are separately linked to 
dataset D, a concern is often raised about whether the record from D is linked to the same person 
found in the other three datasets. This concern is also labeled interlinkage consistency or validity. 
While interlinkage operations are likely to be consistent in high-quality linkage operations, there 
are advantages in harmonizing datasets A, B, and C, so that a patient only needs to be linked once 
for the three. If one patient is linked to another database, there is no interlinkage operation to dataset 
D, thus avoiding potential inconsistency. The informatics support unit would avoid repeated linkage 
operations, such as overlapping years or interrelated databases, with essentially the same type of 
data linkage request.

On a broader spectrum, state and local public health agencies often discuss how to enhance 
interprogram collaboration, because in the past it has been known to be one of de�ciency, as identi-
�ed not only by the Institute of Medicine (IOM), but also by stakeholders, among others. One of 
the collaboration areas is integrated data sharing among programs to more effectively work with 
program recipients. Data linkage provides an impetus for moving forward with the discussion and 
eventual implementation of an agency-wide MPI. We borrow the term MPI to represent public 
health service registrants who are in various public health programs, similar to patients in multiple 
practice-based community health centers (Devoe et al., 2011). Some registrants may be patients, but 
most are people who receive some public health services. In this regard, MPI can also mean master 
(public health) participant index.

Let’s take a newborn baby boy, John, and his mother, Alice, as an example, and walk through 
their life stages. When the newborn receives his birth certi�cate, the infant and the mother become 
registrants of the vital statistics record system, with their �rst names registered as John and Alice, 
respectively. When John receives infant screening, he becomes a registrant of the infant screening 
program. If Alice, together with John, is deemed eligible for the Special Supplemental Nutrition 
Program for Women, Infants, and Children (WIC), both of them become registrants of the WIC pro-
gram. If Alice happens to be a refugee, she may also be registered in the Medicaid program, at least 
in the initial settlement period. Alice may also be screened for breast cancer if she meets income 
and age eligibility requirements for the Every Woman Matters program (or men and women’s health 
program). As John receives his immunization shots, he is likely to be registered in a statewide 
child immunization system. As John goes through his life cycle, he will get married and obtain a 
marriage certi�cate, which will be recorded in the same vital records system as his birth. If he is 
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FIGURE 5.2  Data linkage requests.
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admitted to a hospital within the state, his hospital records also become available to the state public 
health agency.

Can we track John or Alice through multiple datasets within the public health system? The 
answer is yes, and MPI is the key. There are many disease- or condition-speci�c programs, such 
as birth defects, early childhood disability, alcohol abuse and other behavioral health conditions, 
reportable infectious diseases, and cancer. Almost all program databases contain basic demographic 
data to uniquely identify a patient or registrant and enable association of his or her record. However, 
interprogram linkage is often problematic. Due to different data formats, even the same set of 
demographic variables from two closely related programs cannot easily identify the same person. 
There is a need to build an MPI that serves multiple programs. As each program makes a request to 
perform data linkage, we could potentially build an accurate MPI as the key to locating and linking 
program records in the statewide public health information system.

5.2.2 T oP-DoWN APProACh To DATA INTEGrATIoN

The question then becomes how to keep track of multiple datasets within a public health agency 
that may be integrated at the person or record level. One traditional data model is the enterprise 
data warehouse, which can be used within a health care organization. This traditional approach has 
two characteristics: the wholesale approach, which centralizes all datasets within an IT or infor-
matics unit, and the top-down analytical approach, which looks at the whole picture when integrat-
ing program data. The centralized data warehouse essentially takes over most, if not all, program 
reporting functionalities and broadens many analytical functionalities that might not be available 
for individual programs.

Figure 5.3 displays a top-down approach to setting up an enterprise data warehouse. All program 
datasets are considered data sources, and they can be birth, cancer, and death records. All variables 
from data sources, regardless of con�dentialities, are available for data integration. Identi�able 
information such as name, date of birth, and social security number (SSN) are available in the 
process of extracting, transforming, and loading (ETL). Sometimes, a dataset maintained by an 
organization outside of an agency (e.g., Nebraska HDD) has already gone through the ETL process, 
and we can only extract necessary variables from it. All the source data are integrated and stored 
in the enterprise data warehouse, and they can be used as if they are in individual programs. A data 
mart refers to a composite data warehouse, where each subunit within an organization has its own 
single function database, such as sales, shipments, and marketing in a corporation.

Data marts can be branched out top down from an enterprise data warehouse or developed from 
bottom up to be part of a data warehouse. An individual data mart can serve all data applica-
tions and reporting functionalities for an individual program, and it can generate quarterly reports, 
annual reports, and data submissions to funding agencies. This part of applications is business as 
usual for the individual program. A data mart can serve additional data analytic functionalities that 
cannot be achieved by the individual program. Common to both business as usual and add-on parts 
of a data mart are data operational ef�ciency and report replicability, which can hardly be achieved 
based on the traditional operational database.

However, there are some technical obstacles to having a centralized data warehouse:

	 1.	Each program stewards its own data due to statute and funding requirements. This implies 
that even the director of a public health agency may not have the authority to force a fully 
integrated data warehouse, where all datasets could be stewarded by a crosscutting infor-
matics program.

	 2.	The top-down approach requires changes in the current record ID convention and authori-
zation. For example, the Nebraska Trauma Registry uses hospital ID in combination with 
hospital incidence ID to create the unique registry ID that has more than 70 character 
spaces. Since it is a record ID, it cannot be referenced with the hospital MPI. Such an ad 
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hoc ID convention has to be changed in the enterprise data warehouse. Even if two datasets 
have a common key, it may not be authorized for record linkage. For example, the SSN 
is available for many programs. However, an SSN from a birthing mother can only be 
used for social services veri�cation. According to Nebraska statute §71-604.05(2), “social 
security numbers (a) shall be recorded on the birth certi�cate but shall not be considered 
part of the birth certi�cate and (b) shall only be used for the purpose of enforcement of 
child support orders in Nebraska as permitted by Title IV-D of the federal Social Security 
Act.” Given the need for ef�cient data linkage, the issue of using SSNs has been raised 
several times, but it has not been resolved, because the statute that created the Nebraska 
Department of Health and Human Services (DHHS) (§81-3118) allows the chief executive 
of�cer (CEO) to adopt rules and regulations prescribing the standards and procedures for 
sharing con�dential information between programs. However, no one has initiated this 
process yet. This example shows that each program may not champion change that only 
bene�ts informatics, and collectively, no one champions streamlined and ef�cient data 
integration that is required for a top-down data warehouse.

	 3.	Changing current data systems to the enterprise system requires extra effort not de�ned by 
funding sources. Not all programs use the same database system. Variables are often coded 
differently in different systems. Sex can be coded either as 1 for male and 2 for female or as 
M and F, respectively. Even in a single program, such as EMS, different jurisdictions have 
different legacy systems. Although data harmonization can be broadly de�ned, we use the 
term here to describe a process of enabling consistency among tables between different data 
systems, so that common terminology, data format, coding, and other data features can be 
developed into integration tables from different data systems for the same data items. Since 
data harmonization takes time and effort, in many cases, it requires standardization moving 
forward. All of this requires extra effort from individual programs.
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FIGURE 5.3  Top-down approach to data integration. NE-HDD, Nebraska hospital discharge data.
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	 4.	Public health practices are driven by emerging disease trends. Without knowing this 
demand, the data warehouse would face evolving developments that are hard to man-
age and maintain. Prioritizing datasets for linkage often means that linkage practice can 
be sustained among the most often used and interrelated programs. However, balancing 
future priorities and routine practice needs is an art that depends on many parameters out 
of IT’s or informatics’ control.

	 5.	The required professional standards must be maintained to protect personal health infor-
mation. If the informatics program has too much power to integrate program data, the 
linked information could be misused without the knowledge of data stewards. One solution 
to ensure privacy protection is to keep integrated datasets at a minimum level to limit data 
access, but this is inconsistent with the enterprise data warehouse.

Funding and program stability are additional limitations to deploying a top-down MPI design 
and associated data warehouse. Most public health program funding streams do not support data 
integration. And even though some programs do support data integration, public health programs 
come and go. In addition, shifting priorities from the funding agencies may curtail some data col-
lections while expanding others. Finally, public health programs are funded with different require-
ments. Some require an epidemiologist or data analyst with a funding level from 0.25 to 1 full-time 
equivalent (FTE), while some have no funding for a data analyst. This problem is often exacerbated 
by the propensity for each program to manage its own data analysis personnel. Since 0.5 FTE is not 
suf�cient, acquiring student interns or other arrangements are often made. Different levels of train-
ing and frequent turnovers in positions that are less than full-time cause a great deal of inef�ciency 
in reporting mandatory items, leaving no time for data integration and quality improvement.

It is clear that the list of issues and limitations above prevents us from initiating the top-down 
approach to building an MPI within a fully integrated data warehouse. Even though the centraliza-
tion scheme may be discounted under the current program-based data management and steward sys-
tem, the top-down analytical approach should not necessarily be abandoned. In fact, when the time 
is right, the top-down analytical approach is still preferred to the bottom-up approach. However, 
since few people realize the value of an MPI and data integration, and because there are many 
statute limitations, now is not the right time to apply the top-down approach in developing an MPI 
within a public health agency.

5.2.3 B oTToM-UP APProACh To DATA INTEGrATIoN

When there is a genuine need for data integration for the current public health programs in an orga-
nization, a bottom-up approach with selected programs may be a good starting point. Since data 
integration calls for a common set of linkage variables and a common ID within an organization, an 
MPI can be provisionally developed with potential for expansion. In other words, by selecting some 
data-intensive programs that can see the value of data integration, an MPI is a natural outcome not 
only for these programs, but also for all the programs with a need to share integrated data.

A bottom-up approach for data integration and data sharing has a number of advantages. First, a 
bottom-up approach tends to produce tangible results quickly. Deploying an enterprise data ware-
house within an agency takes time. In an organization with many programs in silos, many people 
may be leery about providing data in the integration process. This attitude is especially true when 
a previous attempt at an integration process did not go well. Program people must therefore be 
convinced that they will be able to easily retrieve their own data and will gain information from 
other programs about individuals in their own dataset. Second, the lack of appreciation from the 
leadership for data integration means that most program managers and administrators either are 
new to or have not been suf�ciently exposed to an integrated database concept. Program managers 
need to see the bene�ts of data integration, while upper management needs to be educated in order 
to appreciate the strengths of the integrated or linked data, gain additional insight, and improve 
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operational ef�ciencies. Third, when an organization cannot hire consultants to design a loosely 
connected data warehouse via an MPI, in-house informatics specialists need to gain experience in 
designing and working with different and interrelated databases and database functions for vari-
able harmonization. Finally, program users also need to gain experience and con�dence with newly 
linked data and new tools for analyzing them. When suf�cient experience is accumulated, and when 
other programs buy in, an organization-wide MPI for cross-dataset query and integration becomes 
easy. Hence, the key function for the bottom-up approach is to �nd and carry out demonstration 
projects, so that the bene�t of integration and the use of an MPI can be appreciated by most, if not 
all, program managers.

Given that most public health programs would allow access to their data freely while ful�lling 
the needs of linking program data, the best option seems to be developing an agency-wide MPI 
through limited demographic and identi�cation variables, so that datasets can be loosely coupled 
using an MPI. By loose coupling, we mean that two program datasets may not be able to be seam-
lessly integrated, but they can use a common ID, in this case an MPI, to link them if both programs 
agree to share. This development strategy �ts perfectly with bottom-up piloting.

Figure 5.4 displays a number of bottom-up data integration processes. Each program is a silo, 
and its data source needs to be integrated with another data source either within or outside of the 
agency. As we went through each silo process, we developed a host of keys interlinking different 
program data. Even though it seems complicated, we could document and learn each data integra-
tion process one at a time. In addition, the bottom-up approach allows us to experiment with dif-
ferent pilot projects. In Section 5.3, we describe three pilot projects, each representing a unique 
feature. The �rst, a proof-of-technology pilot, is useful because it is able to check methodological 
feasibilities. However, the scope of a pilot test tends to be small, and it can only cover a small part 
of the collection of all the technologies. The second is a proof-of-concept pilot project, which tries 
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FIGURE 5.4  Bottom-up approach to data integration.
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to �nd a viable solution for using information in order to inform public health practice and in�uence 
decision support. The third is a seed pilot project, which attempts to bring attention to the utility of 
an informatics initiative. The hope is to come up with an obvious program value that can be easily 
seen by other programs.

5.3  PILOTING BOTTOM-UP PROCESS TO GAIN EXPERIENCE

5.3.1 CVD  PILoT ProJECT: Proof of TEChNoLoGY

This is a data linkage project not mandated by any standing programs. We wanted to consider a 
pilot project that meshed the need for informatics in data linkage with legitimate program needs for 
gaining additional information. We decided to pilot data linkage because of team members’ experi-
ence and enthusiasm. Although three program specialists under informatics support had hands-on 
experience with data linkage, they used a free but restrictive software package that could not be 
shared with other programs. Hence, there was a need to test another, less expensive linkage soft-
ware package. We selected Link Plus, a public domain software package, to test appropriate linkage 
software or linkage techniques.

The next step was to identify an enthusiastic program. We found that the cardiovascular disease 
(CVD) program wished to investigate EMS run times and hospital outcomes for CVD patients. 
The program had a report that was about 10 years old that reported CVD mortality from death 
records and CVD incidence from HDD, but HDD and death records were not linked. In addition, 
the EMS data had never been linked to HDD as a whole, even though EMS runs associated with 
motor vehicle crashes were routinely linked to HDD. There were three EMS systems (i.e., Omaha, 
Lincoln, and the rest of the state) that cannot communicate with each other, because variable names 
and formats among the three systems were different. Hence, there was also a need for data harmo-
nization, at least to harmonize linkage variables such as name, date of birth, sex, residential address, 
and event date for ambulance service.

The Nebraska Hospital Association (NHA) provides the Nebraska DHHS HDD annually, but 
the data do not contain identi�able information, such as patient name. After meeting with the NHA 
of�cials, it was decided that the linkage would be performed at the NHA. A signi�cant drawback of 
working at the NHA site was that the project had to rely on the NHA schedule, which meant that it 
had to be planned and negotiated well in advance.

There were two linkage operations: one linking EMS data to the HDD and the other linking 
death records to the HDD. All datasets need some cleaning and standardization, but death records 
and HDD have linkage variables within each database system, while statewide linkage variables 
from EMS have to be compiled from three EMS data systems. The latter task was assigned to the 
student intern, who put all linkage variables and EMS data system IDs and newly generated IDs in 
a �le. In addition, a half-dozen important variables, such as chief complaint by patient, chief impres-
sion by EMS responders, and EMS run-time variables (call time, time to arrival at scene, and time 
to arrival at the hospital), were included. The rest of the variables were intended to be attached later, 
after linkage.

5.3.1.1  Successes
It took two experienced informatics analysts less than 3 weeks to link 2005–2009 EMS data to the 
HDD for 2005–2009 and to update (link) 2005–2009 HDD with 2005–2010 death record data. The 
linkage operation was a success. We learned the pros and cons of the Link Plus freeware, some of 
which were described in Chapter 4. We concluded that linkage and data integration could rely on 
Link Plus in combination with other data management software when there was no clear business 
model to sustain commercial linkage software, such as deduplication and data integration software 
packages that are commonly used by hospitals. We also learned that it was necessary to write our 
own working manual, as Link Plus has limited user guides. Another issue was that when doing data 
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linkage, one needs to limit the number of variables to as few as possible so that Link Plus can handle 
the task without any errors. When a large dataset with a large number of variables is imported to 
Link Plus, it can cause errors that cannot be easily detected. Finally, everyone needed to be trained 
for using Link Plus, even the experienced people, so that everyone was on the same page when 
working together.

After linkage, we tried to conduct some demonstration data analyses. For instance, we showed 
that female stroke patients were more likely to die after 30 days than male stroke patients. Based on 
chief complaints and death records, we showed that about 3% of the CVD mortalities were found at 
the EMS scene, 7% of the CVD mortalities occurred at the hospital, and 90% of the patients who 
died from CVD did not receive either EMS or hospital care right before their deaths. Median EMS 
run times for CVD mortalities among different racial groups were all within half an hour, with a 
variation of less than 3 minutes. Blacks and Asians were more likely to have an inconsistent EMS 
impression and hospital primary diagnosis.

5.3.1.2  Lessons Learned
When we attempted to use this MPI to go back to the EMS data to attach additional variables for 
EMS–HDD–mortality data analysis, we ran into blocks. The main problem was that the state EMS 
ID was not unique, as it did not distinguish between the ambulance that delivered the patient and 
vehicles that arrived at the scene. An emergency service call often involves more than one ambu-
lance. The �rst at the scene may treat the patient, while the better-equipped one may take the patient 
to the hospital. The third one could either be on standby and released or be the one transferring the 
patient from a smaller hospital to a larger one. Hence, it is critical to generate a person ID and link it 
to the many services (e.g., ambulances) when indexing an individual with one-to-many relationships 
in two or more data �les. This index serves the function of master index within the EMS system. 
In this case, ambulance IDs associated with dispatches should be accompanied with the person-
speci�c event. When the program (EMS) does not have a unique ID for a person- or dispatch-
speci�c ambulance record, one has to create the event-based EMS record ID �rst, and then index it 
by patients, which serve the basis for the MPI. Even with regular supervision, miscommunication 
between the supervisor and the student, and different priorities for the student in the course of the 
semester, hindered the desired outcomes. The bottom line is that data harmonization or the ETL 
process should be handled by a professional rather than a student intern.

5.3.2 C ANCEr DATA LINKAGE ProJECT: Proof of CoNCEPT

This is the second pilot project, in which the project team was approached to carry out a proof-
a-concept project for the Nebraska Cancer Registry (NCR). Traditionally, the NCR provides sur-
veillance separately for major cancer sites by incidence and mortality. Survival surveillance had 
never been done. A midterm goal was set by the registry’s advisory board for conducting survival 
surveillance. However, data quality for treatment and comorbidity, which are often used as control 
variables, needs to be enhanced. Since treatment was passively collected, and some cancer regis-
ters submit more complete treatment history than other cancer registers, it is necessary to update 
treatment information from additional data sources. In addition, comorbidity conditions are listed 
in the cancer registry data items, but they are seldom �lled in by local cancer registers. Without 
controlling for comorbidity, the project might not be able to rigorously evaluate disparities in sur-
vival among cancer patients. The project team was asked if it was possible to use Nebraska HDD to 
regularly update treatment and comorbidity information.

HDD have more than 20 diagnostic conditions for each patient, and they are coded by International 
Classi�cation of Diseases, Ninth Revision (ICD-9) codes. A number of comorbidity indices have 
been constructed according to hospital-diagnosed conditions by various authors; a notable one was 
the Charlson Index commonly used in cancer studies. However, it had never been done in Nebraska 
at the time of the study. In addition, there was no published report about using HDD to update 
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treatment at the population level. However, we knew that chemotherapy (CT) and radiation therapy 
(RT) were often seen in outpatients. A pilot study linking NCR data to Nebraska HDD would be 
able to prove whether the outpatient data could provide substantial improvements in treatment com-
pleteness for cancer patients in the NCR.

From the informatics support and management points of view, the project had additional value. 
Both Nebraska HDD and NCR had high-quality patient IDs and record IDs. The former is indexed 
by patient identi�cation variables, while the latter is indexed by incidence. If we associated the 
patient ID from the cancer registry with the unique patient ID in the HDD, we would have a master 
patient ID by combining the two IDs. If we kept doing this for each additional linkage dataset, an 
agency-wide MPI would become a reality.

5.3.2.1  Successes and Lessons Learned
With the above motivations in mind, we carried out the pilot to link 2005–2009 NCR data to 
2005–2010 Nebraska HDD data. The linkage work and subsequent summary was contracted out. At 
the conclusion of the project, we learned that calculating the Charlson Index was relatively easy. We 
also learned that CT and RT rates could be increased by additional 15% when using outpatient data. 
Finally, we learned that for a project of this scope, we need about 0.10 FTE, because the contractor 
hired a master-level trained and experienced person part-time (20 hours a week) for about 4 months. 
Since it was the �rst time, the �rst month was spent identifying current procedure terminology 
(CPT) codes and other procedure codes that the contractor was not familiar with. In addition, some 
ef�ciency would be gained if this work could be made routine.

When designing a pilot project, the project leader should think ahead because the contractor does 
not see the big picture. Certain questions should be asked, such as “If the pilot project is success-
ful, should we embark on a sustained operation for cancer–HDD data linkage?” Another question 
that the project leader should ask is whether the analysis program codes are reusable. If they are 
only for the pilot project, such as updating CT and RT, and calculating a comorbidity index, it may 
not be necessary to design the computer program codes to be portable and user-friendly among 
experienced users. However, if reuse is immediate, then the project leader should participate in the 
programming process. It turned out that none of the project team members, including the contrac-
tor, were familiar with CPT codes for generating CT and RT treatments, and therefore the codes for 
generating these treatments cannot be reused.

After the pilot, the treatment updates were included in the standard work�ow of the NCR. In this 
regard, the proof-of-concept project supported the decision of whether a long-term project should 
move forward. However, we fell short in providing proof of concept for a wider range of issues. In 
retrospect, we should have provided a sampling of all the major issues and solutions, assuming that 
the decision would be made to go ahead. For instance, we did not document the importance and 
procedure of using event information for record linkage. When the project went ahead for produc-
tion next year, we found that ignoring event information reduced the linkage rate by almost 20%, 
and the product cannot be used without a “redo.”

5.3.3 L INKING PRAMS To BIrTh DATA SEED PLANTING PILoT

After successfully piloting the two data linkage projects in Sections 5.3.1 and 5.3.2, our con�dence 
in integrating in-house grew substantially. We provided a “seed grant” to generate data integra-
tion interest among public health programs. The Pregnancy Risk Assessment Monitoring System 
(PRAMS) program was one of earliest to show interest. PRAMS is a surveillance system on state-
speci�c maternal attitudes, behaviors, and experiences before, during, and after pregnancy. However, 
PRAMS is not designed to follow individual mothers across multiple pregnancies, hindering risk 
reduction efforts for subsequent births. The Nebraska PRAMS program had done a preliminary 
study looking into identical mothers being sampled and responding to PRAMS within four waves 
of surveys from 2000 to 2008. The program essentially wanted to extend the preliminary study to 
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include the 2010 survey and to generate an internal report or external publication. The informatics 
team, in the meantime, wanted to test the idea of indexing mothers to the birth certi�cate data, so 
that all babies in the birth certi�cate data could be associated with their birthing mothers. In addi-
tion, the team had recently experienced a staff turnover and had just hired a biostatistician, who 
was not experienced in data linkage. The need for internal data linkage between the two programs 
provided a training opportunity.

Although the linkage and the approach to the linkage were straightforward, there was an unseen 
tension between the informatics approach to linkage and the application-oriented approach to data link-
age. The former is a systematic approach to building an index of mothers for birth records of the study 
period (e.g., 2000–2010). Linking mothers from PRAMS is just a simple query of the index of mothers, 
which is essentially application independent. The latter approach is application dependent in that the 
linked database might be indexed by mother, but the index is only a by-product of the �nal data analy-
sis project. The informatics team wanted to develop a master mother index within the birth certi�cate 
system and then use it for any projects that require mother–child paired data. However, we decided to 
make the informatics goal secondary, because many programs suspected that the informatics support 
program might take over other data operations in a big brother type of role. However, in so doing, the 
program PRAMS insisted on seeing tangible analysis results through data linkage, which drove the 
informatics specialist into an analysis mode. In the end, the pilot project became two separate projects.

The �rst part of the project was a linked data analysis of longitudinal outcomes for mothers who 
had some risky behaviors with their previous births. In this analysis project, linking mothers of mul-
tiple births was done deterministically and manually, because the project team leader from PRAMS 
had the most experience with this low-tech and time-consuming approach. In addition, since each 
wave of PRAMS had a slightly different coding for survey questions, the harmonization of survey 
items from multiple waves of surveys consumed additional time. In retrospect, variable harmoniza-
tion should have been done by program analysts, because they have more experience with it due to 
the years they have been working on data analysis. Variable harmonization happened because (1) 
the new informatics specialist was thrown into the project without suf�cient data linkage training; 
(2) the informatics specialist had biostatistics experiences, where variable harmonization is com-
mon; (3) the program wanted a rigorous study for free; and (4) the informatics specialist was not 
properly supervised by the informatics team leaders.

The second part of the project was the informatics. It followed the protocol of indexing mothers 
of multiple births through deduplication for mothers in all digitally available years, 1995–2012. 
The process of generating the master index of mothers had a number of steps. First, a sequential 
ID for all birth certi�cates was generated. Second, mothers were deduplicated using the data link-
age method. This step included cleaning up mothers’ names and other identi�able information and 
assigning a unique ID for each deduplicated mother. Third, the system-generated unique mother ID 
was translated to a more meaningful master index of mothers and assigned to mothers who had mul-
tiple births. Finally, a few hundred records indexed by mothers with multiple children were selected 
and sent to the vital statistics unit for review and veri�cation. Since the vital statistics unit had the 
original paperwork and a legacy computer system that could query mothers by name and other 
identi�ers, the veri�cation process was not dif�cult. After generating the master index of mothers, 
the informatics project used birth certi�cate numbers to deterministically link the birth certi�cate 
number for PRAMS samples. The project was then able to associate each PRAMS respondent to 
each mother through the master index of mothers.

The master index of mothers also had the following characteristics: It identi�ed the year that the 
mother �rst appeared in the birth certi�cate database, and it also had an indicator for major name or 
birth date corrections, such as last name, maiden name, and middle name, or transposed birth dates. 
Since the index can be applied to many queries and applications, its utility was demonstrated on sev-
eral occasions. To query how many births each mother had had, we needed only to do a Structured 
Query Language (SQL), which showed that several mothers in Nebraska had 12 or even 13 children. 
The average number of children from a mother was 1.69.
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5.3.3.1  Lessons Learned
The biggest lesson learned from this pilot project was that moving forward in a parallel manner 
with the dual goals wasted several resources. When planning a seed project, the informatics team 
should have the �nal say about priorities. A program in a public health agency is often lacking in 
resources. Once technical or statistical support becomes available, a program is going to use it to 
its advantage. The seed planting project should have indexed only mothers of birth certi�cate data 
and PRAMS data. The project could then have offered in-kind analytical support similar to a seed 
grant. The informatics team provided the index of mothers and linkage; the program could then 
have obtained additional funding or resources to analyze the linked dataset. The project was too 
much to handle for an informatics specialist who had to face two learning curves (learning linkage 
skills and substantive data analysis for the program). In the end, the project took more than 5 months 
of FTE without immediate impact, such as germinating interests from other programs. The only 
tangible product was the index of mothers from 18 years of data, from 1995 to 2012. These lessons 
taught us that we should start a simple yet valuable project to guarantee success.

To summarize the three pilot projects, we think that starting simple is the most important ingre-
dient for success. If a program wants a complicated project, the project should be divided into 
pieces, and the piece that �ts both program and informatics needs should be selected. When we 
tried to accommodate the EMS linkage in the testing technology, we made our resources thing, and 
failed EMS component. When we tried to accommodate the statistical analysis of PRAMS to the 
creation of a master mother index, we also failed. Had we separated these projects and made them 
simple, we would have had more success.

5.4 � DEVELOPING AN AGENCY-WIDE STRATEGY FOR MPI FOR 
DATA INTEGRATION

5.4.1 I NTEGrATING PILoT ProJECTS

As mentioned earlier, pilot projects serve both an exploratory and a bottom-up purpose. By bottom 
up, we ef�ciently extend the shelf life of pilot projects. This means that they not only serve their 
primary purposes, but also expand them, hopefully in an integrated way. Even though the proof-
of-concept pilot for the cancer registry had one primary goal of proving the validity of updating 
treatment and comorbidity, the linked data could be used and updated operationally. Understanding 
the role of each pilot project within a broader data integration environment is essential for reuse 
and ef�cient use of data linkage projects. One way to expand the cancer treatment project is to add 
additional years, for example, from the 2005–2009 period to the 2000–2011 period. Another way is 
to expand the linkage operation horizontally to integrate cancer data with other program data, such 
as cancer screening. In most post pilot project assessments, integration, rather than a simple expan-
sion, is the preferred way to put all experiences and lessons learned together. Common to all three 
projects was the data linkage element. If we could build on this element, all related programs may 
bene�t from each other. One way to relate them is to build a DHHS systemwide MPI for multiple 
programs (e.g., vital statistics, WIC, child immunization, HDD, NCR, CODES, PRAMS, trauma).

5.4.2 S ETTING UP MPI WITh LooSELY CoNNECTED PUBLIC HEALTh ProGrAMS

In an enterprise environment within a closed health care system, an MPI is often used to keep track 
of every patient registered at a health care system, such as the Veterans Affairs (VA) system, or in 
a health care organization, such as Kaiser Permanente. An MPI ensures that the same set of demo-
graphic and registration information for a patient is represented only once and kept the same in all 
data systems within an organization. In a public health system, few programs have such a need. 
Perhaps the closest one is the vital statistics system that maintains birth, marriage, and death cer-
ti�cates. However, in the absence of a person index, even the same person in the three subsystems 
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(birth, marriage, and death) might not have the same demographics. Within each certi�cate data-
base, an index is feasible. For the death certi�cate database, a death has to be unique, but an index 
would be trivial due to a one-to-one relationship. For birth mothers, an index would be useful and 
possible, as shown in the PRAMS pilot. For marriage certi�cate data, it is not feasible to keep track 
of all married persons due to out-of-state marriages.

As we learned earlier, program data normally cannot be shared without data use protocols, and 
it is therefore impractical to index program registrants by directly accessing each program’s data. 
Since almost all programs that have program registrants have a set of identi�ers to be associated 
with a unique person, it is possible to build the public health MPI. The common elements for build-
ing the MPI are the person’s name, date of birth, gender, race, ethnicity, period-speci�c address, 
alias or previous name, SSN-generated ID, program identi�cation, registration date, and event date. 
Below, we summarize what would be a better practice in a state public health agency to build such 
an index:

	 1.	Select the datasets that are most frequently used for record linkage and data integration. 
In Nebraska, these include (1) cancer registry; (2) trauma registry; (3) CODES; (4) cancer 
screening data; vital statistics data system for (5) birth, (6) death, and (7) marriage records; 
(8) Parkinson’s disease registry; (9) National Electronic Disease Surveillance System 
(NEDSS) for reportable infectious diseases; and (10) PRAMS.

	 2.	Extract the ID variable from each dataset together with identi�able information that could 
be used for record linkage. Normally, we include �rst name, middle name, last name, date 
of birth, sex, race, ethnicity, street address, city, and zip code. If event- or time-dependent 
information is available, include it. Date of birth for a newborn is also the date of giving 
birth for the mother, who is most likely admitted to a hospital before or on the infant’s birth 
date. Motor vehicle crash date, EMS transport date, and date of transfer to the hospital are 
also likely to be close to the admission date.

	 3.	Harmonize all linkage variables from all datasets and derive a combined set of the high-
quality data linkage variables listed above. This is essentially an internal linkage or dedu-
plication process, in which all identi�ers are standardized and then linked. If a commonly 
used personal identi�cation number is available, such as an SSN, a forward unique ID 
number generator or utility should be used among all the participating programs to gener-
ate an ID that cannot be reverse-engineered. For the event variable, we would retain only 
the most recent event that potentially points to hospitalization. Once we link to one hospi-
talization, the MPI from the HDD can be used to recover previous hospitalizations.

	 4.	Based on step 3, create an internal, unique person-speci�c ID for each deduplicated record. 
This process is analogous to the process of generating the master index of mothers in the 
seed pilot. For a state like Nebraska, with less than 2 million residents, we would never 
expect to have more than 99 million, or eight-digit, patient records. We therefore reserved 
eight digits for person records, one digit for type of revision, and one digit for future use. 
In addition, we also generated the year and month of record entry with four digits for year 
and two digits for month. In reality, we also added a 4-digit �eld for other use indicators of 
MPI, which can be combined with the 10 digits or kept a separate variable. But for now, we 
use the 10-digit index as an example.

	 5.	Based on step 3, create an indicator variable in addition to the index variable to indicate the 
existence of a record in each contributing dataset (by each program). If a record appears 
in all datasets of the 10 selected, a value of 1111111111 is entered in the variable �eld. If 
a record appears only in the third dataset, then the value of 0010000000 is entered. This 
method is not generalizable. If we had 100 datasets, we would not expect a 100-column-
width indicator variable. For a small number of datasets, it served the purpose well. In 
addition, we also attempted to create a two-digit variable indicating the primary source 
for the high-quality identi�able �elds. In general, we consider the cancer registry to be of 
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a higher quality, followed by the death and birth registries. Between the trauma registry 
and CODES, we consider the trauma registry to be of higher quality. Another reason for 
creating the primary source variable is that the race and ethnicity variables are missing in a 
number of datasets, including the Nebraska HDD. Hence, by keeping track of race quality, 
we can borrow the race variable from one dataset and compensate it by another dataset.

	 6.	Combine the new ID �eld in step 4, the new index �eld in step 5, and the set of high-
quality data linkage variables in step 3 to build the MPI data sheet or �le for participating 
programs. This MPI dataset is returned to each program by using the original program 
ID. From the program’s perspective, we sometimes also label the MPI program �le as 
the program-speci�c master key data �le. Each program’s master key data �le differs by 
the format of the program ID and the number of observations. The MPI data �le has the 
complete records from the indexed datasets, and it points to their availability in each par-
ticipating program. By looking at the agency-wide MPI data �le, or the program-speci�c 
master key data �le, each participating program can determine if another program has its 
own “patients” or program participants. In addition, if some demographics are missing, the 
program can use the corresponding demographic variables from another system to update 
them.

	 7.	Designate a data usage protocol for each dataset. After legal review, an internal dataset 
with limited identi�able variables can be created for general use among participating pro-
grams, in which the common identi�er is the MPI. In addition, this limited dataset is also 
linked to the HDD, so that all participating programs will share some information from the 
HDD. In the case of Nebraska, 2004 would be the earliest year we could use; before that 
year, data either had limited hospital coverage or poor item-speci�c data quality. Certainly, 
those contributing datasets can also be further integrated, but for now, we are leaving them 
intact as a single relational database for internal use. This internal linked dataset could be 
released to an internal program by the informatics support unit upon request.

	 8.	For programs that only contributed program master keys, they would have to rely on data 
requests from each other to share program data. This type of protocol allows each program 
to determine when it wants to share its data with other programs through the data mart. 
Each data mart is like a program in a public health agency that sets its own data application 
policy, while informatics helps each program to develop program-speci�c applications or 
report functions.

5.4.3 C oNNECTING DATABASES ThroUGh FEDErATIoN

We noted that HDD needed to be improved for its race and ethnicity variables, because more than 
90% of them had missing values. To improve these two �elds, we used race and ethnicity �elds from 
multiple datasets, which provided a good opportunity to put all linked data together. Figure 5.5 pro-
vides a linkage scheme to update the race variable in HDD. After each dataset from the left, from 
cancer to driver’s license, was linked to HDD, it was indexed and returned to each program. Note 
that the returned �les are interlinked.

There is no direct reference to our loosely linked or distributed data integration method. While 
the MPI can be bottom up in an enterprise environment, once it is built, one entry will populate 
all related suborganization databases. In a public health agency, this is not possible at this time. 
Slightly inconsistent entries from different programs are the norm rather than the exception, and 
it is up to each program to decide updates or corrections to its own database. Our data integration 
and data sharing protocols are close to the federation approach in the warehouse design. Our data 
linkage and integration process is analogous to a data mart. Below we brie�y describe these two 
dimensions.

Data federation in our public health program databases refers to managing multiple datasets 
within a loosely connected data system with multiple data ownerships (Haas et al., 2002). 
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The original idea for data federation was more technical, dealing primarily with using midware 
with some user interface to integrate different legacy data systems. Another feature of data federa-
tion is its ability to query against a single source to multiple sources. Although the public health 
data federation does not allow direct query over another program’s database, the public health MPI 
provides linkage variables, and data management tools allow direct query if the program data are 
allowed to be accessed.

Our approach to building an agency-wide integrated data system or warehouse is similar to 
connecting data marts one at a time. Data marts can independently draw data directly from their 
operational databases in the process of ETL data. For example, breast cancer data from the NCR 
are used by at least four programs within the division of public health: Nebraska Department of 
Health and Human Services (DHHS), Every Woman Matters (for breast cancer screening); the 
Nebraska  cancer prevention and control program; the chronic disease prevention program that 
includes cancer in its general reporting; and health statistics, which summarizes annual and trend-
ing data for cancer. Each program has its own data. Since all of them also use the NCR data, the 
best way to develop each program’s data applications is through a data mart that generates uniform 
data with commonly used variables and time stamps. Since the ETL data are a clean and uniform 
dataset with all the records indexed, all programs would use the same dataset with identical outputs 
when tabulating the same data tables. Although independent public health data marts may sound 
inef�cient for a public health agency, they provide a near-term solution for data integration, and this 
type of data warehouse may become ef�cient when more ef�cient distributed database technologies 
are developed.

5.5  CHAPTER SUMMARY

In this chapter, we described some inef�cient data linkage methods common in state public health 
agencies. Data requests are redundant because program-to-program data linkage tends to be piece-
meal and ad hoc. Ideally, a top-down approach of building an integrated data warehouse would meet 
most data linkage requests with ease. However, due to various technical obstacles and organiza-
tional limitations, this approach would not work in the current environment. We proposed a bottom-
up approach to building an MPI for public health program participants, as well as for patients 
under public health surveillance. The primary purpose of having an MPI within a state public 
health agency is to ef�ciently deal with redundant data requests to informatics support. Although 
computational codes are reusable, the data analyst still has to repeat the process each time for two 
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overlapping data requests. In addition, once an MPI is built, it tends to generate extra communica-
tion and collaboration among participating programs. Hence, the secondary purpose for having an 
MPI is to improve collaboration among public health programs with integrated and shared data 
resources. From a public health manager’s perspective, it is all about performance improvement and 
better practice of public health.

In the process of exploring ways to integrate data, we provided three examples of how to 
implement a bottom-up approach to build an MPI within the state public health agency. Based on 
examples and other practice-based data linkage projects, we loosely connected data marts or pro-
gram data. Each program is responsible for the maintenance of its data mart as if business as usual. 
The informatics unit maintains and updates the MPI by unifying a set of personal identi�ers and 
providing a link to each program data mart. All data marts together are in a federation that follows 
the existing protocol for data sharing. This experiment is still ongoing.
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6 Using GIS for Data Integration 
and Surveillance

6.1  INTRODUCTION

Traditionally, a geographic information system (GIS) is an enabling technology that includes 
a complete process: spatial data gathering, conversion, storage, manipulation, data analysis and 
visualization, �nally mapping, and spatial analytical reporting. Nowadays, a GIS system can be a 
separate and loosely connected system. Some GIS functions can also be served by a computational 
module or Internet application in a distributed and loosely connected system. Regardless of central-
ized and distributed GISs, the core functions remain the same. In public health practices, the most 
direct application is during emergency, natural, and man-made disasters. Spatially coordinating 
critical facilities for emergency preparedness and spatially managing emergency responses to vul-
nerable and affected populations have been the core services provided by GIS. For instance, GIS 
allows a disaster response team to quickly access and display critical assets by location.

Managing location-based facility data and assets is relatively easy. After all, there are only a lim-
ited number of hospitals, nursing homes, �re stations, emergency service stations, school hazardous 
material storages, and so forth. While emergency preparedness remains the main GIS capacity in 
a local health department, the use of GIS has expanded to address many public health issues, such 
as social determinants in health, physical access to care, community health indicator mapping, and 
geospatial analysis of diseases and health conditions, as well as health outcomes. More and more 
geospatial analytics require that patient data to be coded at a �ner geographic scale than the zip 
code. While we still maintain facility-based GIS infrastructure, we began to systematically expand 
it to program participants within the public health system using GIS.

There are many areas that can be covered by GIS applications; we narrowed our approach to 
building a GIS data infrastructure for all public health programs and exploratory analyses. We 
picked geocoding because many public health programs work in the same priority areas, and many 
individuals appear in multiple programs. The master patient index (MPI) framework proposed in 
Chapter 5 would not solve location-based individual information because people move, and the 
same individual may not live in the same neighborhood over a period of time, and therefore would 
not share the same location information. Hence, there is also a need to develop a master address 
index, so that those who live in the same address would share the same location information over 
time. To some degree, such an approach should be expanded to interagency collaboration within a 
state government, so that duplicated efforts can be reduced.

In this chapter, we proposed an infrastructure approach to attach geographic information to each 
individual public health program participant. In a typical state public health agency, geocoding is 
required for the cancer registry, vital records (birth and death), and a number of other administrative 
data. Geocoding most often refers to a process of matching residential addresses to geographically 
identi�able locations, using identi�ers such as latitude and longitude. Geocoding belongs to record 
linkage because, in most applications, it is part of the process that links individual records to their 
contextual environment. Even though textual information other than addresses can also be geo-
coded, such as coding a county or a zip code to its center location, this chapter deals with geocoding 
address and how to attach census data to a location.

The remainder of the chapter is organized as follows. In Section 6.2, we stress the importance 
of geocoding by its utility from point to area-based measures. In Section 6.3, we propose a geoc-
oding process using a master address index. In Section 6.4, we describe how to attach census tract 
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data to each geocoded patient. Section 6.5 introduces spatial surveillance. Finally, we summarize 
the chapter.

6.2  GEOCODING-RELATED MEASURES IN SPATIAL ANALYSIS

The purpose of geocoding is to associate geographic information with the geocoded location. 
Although geocoding can be done for facilities, workplaces, and pollution point sources, it is mostly 
done for residential addresses. The focus on residential addresses is natural, as people spend most 
of their time at home. The literature dealing with residential-based segregation and environmental 
justice is extensive. Residential segregation deals with racial segregation and its societal conse-
quences, such as inequalities in income, education, and occupation. More segregated communi-
ties are associated with high crime, fewer opportunities for minorities, and greater health risks. 
Given that racial and ethnic minority groups are more likely to live near a neighborhood with more 
environmental hazards, residential environmental qualities (both indoor and outdoor) have been 
linked to environmental justice. To achieve the public health objective that everyone should live in 
environmentally sound conditions, we have to link individuals to their neighborhood environments 
through geocoding.

As pointed out in Chapter 2, neighborhoods and social environments, such as poverty, are associated 
with various behavioral risk factors and health outcomes. In order to gain insight from these perspec-
tives, it is necessary to geocode people’s addresses and associate them with neighborhood conditions. 
In the old days, geocoding could be done by pins on a map. As addresses have become more and more 
digitally available, and street centerline �les have become more frequently updated, computer-assisted 
geocoding has become the main method of deriving various geographic measures.

6.2.1 E XACT PoINT MEASUrE for INDIVIDUALS

Geocoding is important because it can associate a cluster of disease to potential environmental con-
tamination or pollution. Before geographic information systems were introduced into public health, 
most disease mapping and epidemiological analyses were carried out at a given geographic unit 
that typically followed existing reporting units, such as county and zip code. Point-level analysis of 
disease data was rare. Although it is still rare, people have begun analyzing data at the point level. 
Methods for point cluster identi�cation, such as spatial adaptive �lters and the spatial scan test, have 
been developed that do not rely on any existing boundary.

6.2.2 P hYSICAL ACCESS MEASUrE for INDIVIDUALS

Geocoding is the basis for objectively measuring geographic accessibility to health care. Access to 
health care facilities can be measured through questionnaire surveys, where respondents can report 
distance to their usual health care facilities. But more and more, distance to care tends to be deter-
mined through geocoding. Geocoding is especially useful with administrative data such as hospital 
discharge data, where we would have the patient address from billing information and the hospital 
address. Although different distance measures, such as Euclidean, Manhattan (rectangular), and 
network distances, can be used to measure access, the basis of these measures is geocoded locations 
for a patient residence and for the hospital.

6.2.3 P roXY MEASUrE for INDIVIDUAL SES

As mentioned in Chapter 2, most administrative data in public health do not have income and edu-
cation variables. In the absence of individual socioeconomic status (SES) variables, a viable option 
to study social determinants of health is to attach census tract (or neighborhood) information to 
each patient or public health registrant through geocoding. For diseases with few observations in 
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each census tract, neighborhood SES variables can be used as proxy measures for individual SES 
variables.

6.2.4 M ULTILEVEL MEASUrES for INDIVIDUALS

The development of a multilevel statistical approach in the early 1990s and its later introduction 
to public health research have rede�ned the theoretical underpinning of social determinants. In 
addition to individual-level variables that we may have, such as income, education, and occupation, 
the neighborhood effect, such as where the person lives, can still exert an independent effect on a 
person’s health. In other words, even if we are able to obtain an individual’s SES variables, the con-
textual variables must be obtained for more rigorous analysis.

Besides geocoding individuals and their health care facilities, point sources, such as houses with 
lead poison, radon, or household water wells having a high concentration of toxins, are often coded 
for pollution studies. Recently, studies have coded other locations, such as grocery stores for nutri-
tious food, convenience stores for tobacco points of sale, and liquor stores for behavior risks.

6.3  GEOCODING STRATEGIES: TOWARD A MASTER ADDRESS INDEX

Most geocoding is based on a street centerline �le that has an address range on each side of the 
street. When a patient has a correct and standard address, we can normally identify the address 
location with acceptable accuracy. The quality of geocoding has become a concern more recently 
because poor geocoding can result in erroneous conclusions (Oliver et al., 2005; Zimmerman et al., 
2007). For example, if multiple unmatched patient addresses are all represented by the centroid of a 
zip code, the census tract that is assigned to that zip code would have an arti�cially in�ated relative 
disease risk (Boscoe, 2008). Although one could retain only those matched addresses by treating 
them as a random sample, the unmatched addresses tend to be unevenly distributed. Unmatched 
addresses are more likely to occur in rural areas and newly developed suburban areas, and less 
likely to occur in inner city areas. In this situation, disease risks would be lower in rural and subur-
ban areas, and high in central city areas.

Although there are some new developments in geocoding, such as web services, due to con�den-
tiality concerns and lack of certi�cation for data quality, most state public health agencies cannot 
use such services as the main tool for geocoding. Address data qualities differ between states, and 
there are also minor differences in address style among different parts of the country. In many spa-
tial cancer epidemiological studies, there is no other choice but to improve match rate and location 
speci�city for unmatched records.

Borrowing the concept of MPI, geocoding should be done once at the state government level for 
all addresses within a state territory. Addresses can then be updated with new constructions and 
demolitions and be geocoded accordingly. Address recording can be standardized by subscribing 
to a web service and typing the zip code or city, and then the standard address can be selected by 
typing the �rst few letters. Each entered address is veri�ed in real time within a statewide database. 
In this way, all the addresses can be geocoded once either by the private sector or by the public sec-
tor. Each address can then be assigned a unique ID and used to develop a master address index that 
includes latitude and longitude, type of properties, and so forth.

In reality, geocoding tends to be repeated many times for a single address by different agen-
cies and organizations. For states with a population of a few million, the number of cases that are 
required for geocoding from a cancer registry and vital records may not sustain a high-quality and 
ef�cient business model within the state public health agency. Programs tend to contract out geoc-
oding. However, since few people within the agency are knowledgeable about geocoding, the qual-
ity is rarely checked. For example, the quality of geocoding in a cancer registry ranges from the gold 
standard of global positioning system (GPS) location and street address range location to less exact 
centroids of geographic areas, such as zip codes, cities, and counties. But an assessment of cancer 
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geocoding data quality in 2010 indicated that more than 30% of addresses were coded to either cit-
ies or zip codes, or could not be geocoded. Upon inquiry, we discovered that geocoded addresses 
for latitudes and longitudes and associated census tracts were not required to have a high quality.

One could simply put a geocoding quality variable in place indicating the quality, such as exact 
match, GPS location, or approximated by city, zip code, county, and so forth. Given these require-
ments, a contractor tends to go the easiest route by simply geocoding as much as he or she can and 
leaving “unable to code” with simply a zip code or city code. In a separate assessment of geocoded 
data from 1991 to 2005, we found that 66.4% of records had a pair of GIS coordinates coded at the 
street level. We also found that 82.8% of urban addresses were coded at the street level, in contrast 
to 51.0% of nonmetro addresses. Since African Americans in Nebraska are more likely to live in 
urban areas than in rural areas, we also cross-tabulated the quality variable by race. We found that 
addresses for African Americans were more likely to be coded at the street level (84.4%) than were 
addresses for Whites and other races (66%). These results suggest that georeferenced studies con-
ducted for metro areas or for the African American population would require much less additional 
geocoding. They also suggest that geographic coordinates coded in the past must be updated in 
order to study geospatial health disparities.

For an informatics unit that provides geocoding support, a good starting point is to develop a 
within-agency master address database and geocode it for all. It should be mentioned that geocod-
ing at a low-quality level could be very ef�cient in terms of time and labor. The concern is accuracy 
and consistency. The accuracy issue will be dealt with in Chapter 15 in the case study. Here we 
brie�y describe steps to ensure consistency. In a database with a million patient records, together 
with addresses, the following steps should be considered:

	 1.	Standardize addresses as much as possible while considering ef�ciency. This step is neces-
sary not only for geocoding, but also for deduplication. Although there are some vendors 
and web services that would standardize addresses, it is not too dif�cult to do so in-house. 
In the standardization process, old addresses should be preserved, and both old and stan-
dardized addresses should have a common ID or key to go between the two. Another rea-
son to do this in-house is that some low-quality addresses can serve as a reminder for the 
program to take some quality control actions in the future.

	 2.	Develop an address index in combination with patient records, and assign a unique patient–
address identi�er for each combination. Let’s take a hypothetical example of John and Joe, 
who both appeared in the database �ve times; John never moved, and Joe moved twice in 
the patient database. For John, one address would be suf�cient for his �ve incidents in the 
database. For Joe, however, the patient–address combination has to be preserved. We need 
to ID three addresses with time stamps for him, one for his current address and two for his 
previous addresses. In the meantime, if another person resided at Joe’s address, we would 
index that address to the new patient too.

	 3.	Deduplicate address records so that each address is unique and only needs to be geocoded 
once. Each unique address should be indexed to the same patient for multiple visits, and 
multiple patients who live at the same address. In this way, each unique address can be 
linked back to the patient–address index in step 2. It should be pointed out that the dedu-
plication of addresses does not have to be perfect, because the address matching process 
can take care of some hard to deduplicate addresses. In this regard, as long as the majority 
of addresses are unique, some minor differences in two addresses that refer to the same 
physical address can coexist in the deduplication process.

	 4.	Geocode each unique address and link it back to the patient–address index in step 2. 
Interested readers can refer to Chapter 15 for detail. As a starter, one needs to �nd a geoc-
oding engine from either a GIS or an address matching service. After sets of latitudes and 
longitudes are derived from a geocoding process, one needs to display them to make sure 
they are on the right spots.
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	 5.	When a new wave of data is to be integrated into the existing database, use the MPI to 
check whether a patient has moved.

	 a.	 If the patient has not moved, use the most recent geocoded information for the patient 
to update the geocoding �elds.

	 b.	 If the patient has moved, one needs to standardize the address and geocode it.
	 c.	 Before geocoding movers, one should check the standardized address against the mas-

ter address index. If the address can be found, populate geocoding �elds by using the 
geocoded information from the master address index; otherwise, proceed with geoc-
oding. Note that one should not spend too much effort in standard address comparison 
for legacy address data because (1) early address entries into different systems could 
have many potential inconsistencies before address standardization was implemented, 
and (2) minor discrepancies due to typos or other uncertainties can be easily overcome 
by probability comparisons of the address �elds (street, city, and zip code) in a geocod-
ing process. When additional resources become available, the agency or program can 
then standardize legacy addresses that were entered into the database a long time ago.

Finally, establishments also need to be geocoded on many occasions. For example, in order to 
determine the nearest distance to a hospital, one must geocode hospital addresses for all hospitals 
accessible to a patient. Likewise, if the interest is access to liquor or tobacco, then store locations 
are needed. The data analyst should be reminded that most establishments have been geocoded by 
other entities. If it is easier to get the information through data requests between agencies, then a 
protocol of requesting and updating facility locations should be developed beforehand. In any case, 
geocoding establishments is not taxing. In the process of obtaining and geocoding establishments, 
one needs to add IDs that are linkable to the patient database or to a master person index. For cross-
sectional analysis, an establishment ID, such as the federal income tax ID for hospitals and a liquor 
license ID for liquor stores, is suf�cient. However, those IDs cannot be used over a longitudinal 
analysis, as they change even if the address is the same. In addition, one should never use automati-
cally generated ID �elds in geocoding or other geodatabases, as they tend to be just conveniently 
generated.

6.4  ATTACHING CENSUS TRACT DATA TO EACH PATIENT

Once each address is provided with latitude and longitude, it can be associated with any geographic 
unit on earth. In the United States, geographic units can be organized according to census geogra-
phy, which includes census region, census division, state, county, census tract, census block group, 
and census block. Starting from state, the Federal Information Processing Standards (FIPS) codes 
are attached to all census geographic units. There are two digits for state FIPS codes, three digits for 
county codes, six digits for census tracts codes, and one digit for block groups. Census tract is the 
most commonly used geographic unit for SES measures, such as percentage of people living under 
the poverty level or the federal poverty line (FPL). When state and county codes are combined, 
FIPS codes are also used for county designations as �ve-digit codes. When county codes and cen-
sus tract codes are combined, FIPS codes are used for census tract designations, which are called 
GeoID2 and have 11 digits. When the 1-digit census block group code is attached to the 11-digit 
census tract codes, the combined code is called GeoID and has 12 digits. FIPS codes at the county, 
tract, and block group levels are the building blocks of census geography.

Since latitude and longitude de�ne a point, and a census tract de�nes an area or polygon, we can 
use a point in polygon operation in a GIS to associate any point within a census tract. In the ArcGIS 
environment, the following steps are in order:

	 1.	Use geocoded longitude (X) and latitude (Y) to generate a point map, which can be a tem-
porary event theme or a permanent shape �le.
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	 2.	Load a corresponding census tract polygon map (shape �le).
	 3.	Conduct a point in polygon operation so that each point from 1 is associated with a census 

tract ID or GeoID2.
	 4.	Once a census tract GeoID2 is attached to each address, add SES variables by download-

ing the American Community Survey (ACS) or other census tract–level data either within 
or outside the GIS environment.

Most recent SES data from the Census Bureau are based on the ACS. However, in order to 
understand ACS, we need to mention its predecessor—census long-form data from early decennial 
censuses, such as the 2000 census. In each decennial census, all households are required to �ll out 
the standard short-form questionnaire asking only seven questions for each household member: 
name, sex, age, relationship, Hispanic origin, race, and whether the housing unit occupied is rented 
or owned. In addition, about one in every six households answered an expanded list of questions in 
the census questionnaire, called the census long form. The census long form was designed to meet 
various information needs from federal agencies. Examples include poverty status for welfare pro-
grams, car ownership and commuting for transportation planning, and veteran status for determin-
ing the needs of veterans and to evaluate the impact of veterans’ programs.

Other census variables include marital status; place of birth, citizenship, and year of entry; school 
enrollment and educational attainment; ancestry; residence 5 years ago; language spoken at home 
and English �uency; disability; grandparents as caregivers for grandchildren in the home; labor 
force participation; place of work and journey to work; occupation, industry, class of worker, work 
status, and income in the previous year; units in structure and year when structure was built; when 
person moved in; and number of rooms in house and bathroom and kitchen facilities.

The above census variables and their cross-tabulations by demographics were released by the 
Census Bureau as summary tape �le 3 (STF3) for the 1990 census and summary �le 3 (SF3) for the 
2000 census. For an at-risk population, census summary �le 1 (SF1) is the primary source. All of 
the above variables are available at the census tract level, and some are also available at the census 
block group level. For demographic variables on the short form, data are available at the block level. 
The Census Bureau website of American FactFinder can lead to both 1990 and 2000 long-form 
data. Both the Census Bureau and the private sector offer census CDs and DVDs.

Starting with the 2010 census, the Census Bureau no longer provides the census long-form data. 
It instead provides similar data from the annual ACS, a 5-year pooled sample at the census tract. 
Since the ACS is done annually, it is very �exible. In addition to the traditional sets of questions, 
other timely questions, such as health insurance status, can be added and tabulated in the next year’s 
release, at least at the state level. Furthermore, the 5-year pooled sample is on a rolling basis (e.g., 
2005–2009, 2006–2010, and 2007–2011), which provides more timely monitoring of neighborhood 
SES changes than data from the decennial census long forms, which were only available every 10 
years. When an inner city neighborhood has gone through gentri�cation, or a rural area is hit by a 
natural disaster (e.g., drought or �ood), the 10-year census interval is clearly not suf�cient. The ACS 
can monitor SES pulses in smaller areas in a timely manner.

Even though most studies would use the decennial census population as the basis for at-popu-
lation calculations, sometimes people need SES as a control for an at-risk population. If one does 
want to include SES-based indicators, the corresponding universe should be the ACS population. 
For example, if a census tract has 5000 residents 25 years and older, and among them 3000 had a 
college degree or higher, the 3000 residents can serve as the at-risk population for college graduates 
who had a disease or health condition. Moreover, the ACS data are weighted by age, race, sex, and 
Hispanic origin according to the of�cial Census Bureau population estimates at the county level. 
Since minority populations in the United States grow at much faster rates than the White popula-
tion, ACS data at the county level may be more appropriate when decennial census data are more 
than 5 years old. In Nebraska, due to slight population growth, the ACS populations from 2006 to 
2010 and from 2007 to 2011 are smaller than the census 2010 population by a fraction. However, if 
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poverty and other SES variables need to be included in an assessment, it is most straightforward to 
use ACS after 2005.

Table 6.1 lists the age distributions by sex and poverty level. The numbers in percent are aggre-
gated from census tracts, and they cannot be produced by the 2010 census due to lack of cen-
sus tract–speci�c poverty level for each age and group. The original counts from the table can be 
derived by multiplying each percent by the column total, which are essentially the at-risk popula-
tion. We will use this table in many chapters that use at-risk population to calculate hospitalization 
rates and odds ratios. From the table, we would expect that females in the last two age groups are 
more likely to use health care resources than males, because females in the last two age groups 
account for 14.78% of the total females compared to 11.55% for males. Another interesting pattern is 
that both low-poverty neighborhoods (<5%) and high-poverty neighborhoods (>20%) had relatively 
low percentages for the category of age 75 and older. On the one hand, for the poor, poverty may 
reduce the surviving population for the last age group. On the other hand, for the well off, either the 
last age group is underrepresented or individual elderly persons moved out of those neighborhoods. 
Although we use these numbers at face value, we at least need to be cautious that ACS numbers are 
estimates rather than census counts, which are much more accurate at the census tract level.

A major concern with the ACS is sampling size. The ACS normally selects 5 in 55 households 
per year in its annual survey, which translates to 11 households over a 5-year period, compared 
to more than 16 households in the census long-form data. Consequently, the sampling error asso-
ciated with the ACS is much higher than that of the census long-form data. For this reason, the 
Bureau of the Census added the margin of error (MOE) for each tabulated variable, either as a 
percentage or as a count. If the MOEs are too large for a particular variable, the bureau suppresses 
them. In the decennial census, sample size was not a problem because the complete census was 
also taken at the same time as the long-form sample. In other words, if a respondent did not 
respond by mail, the bureau would visit the respondent at least three times. With the ACS, in 
contrast, only one out of three was followed up for an interview if a household did not respond. 
Figure 6.1 presents census tract–level MOEs for Nebraska based on the 5 years of ACS data for 

TABLE 6.1
Age Distribution by Sex and Census Tract Poverty Level in Nebraska

Percent of Population under the Poverty Level

Female <5% 5%–10% 10%–15% 15%–20% >20% All

Age < 35 45.59 42.85 44.76 48.29 55.87 46.50

35–44 14.48 12.35 11.36 12.26 11.63 12.45

45–54 15.64 15.22 14.43 13.66 12.44 14.53

55–64 12.65 12.84 11.71 10.87 9.16 11.75

65–74 6.18 7.84 8.10 7.78 5.24 7.12

Age ≥ 75 5.47 8.90 9.64 7.14 5.65 7.65

Female total 190,556 260,110 211,053 82,462 143,461 887,642

Male
Age < 35 47.67 46.26 47.97 51.91 57.87 49.38

35–44 14.59 12.46 11.98 12.44 12.40 12.79

45–54 15.50 15.36 14.37 14.23 12.61 14.60

55–64 12.39 12.53 12.11 10.51 9.20 11.67

65–74 6.03 7.21 7.39 6.03 4.59 6.46

Age ≥ 75 3.82 6.19 6.18 4.89 3.34 5.09

Male total 186,582 256,370 205,165 80,482 142,464 871,063

Note:	 The 5-year ACS data are from 2006 to 2010.
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2007–2011. As one can see, the MOEs are much higher adjacent to the Omaha area, where the 
MOEs of the poverty rates are greater than the poverty rates themselves (rate > 100). In other 
words, if a poverty rate is 10% in a census tract, its MOE is more than 10%. At this point, there is 
no acceptable way to treat large MOEs.

In addition to sample size, not all ACS variables are compatible with corresponding variables 
from the census long form due to the incompatibility of the 5% ACS sample versus the 5% long-
form sample. The income level in a census tract for the long form is a snapshot of 1 year, while the 
income level in the ACS, to put it simply, is the average of 5 years of snapshots. Both the census 
long form and the ACS data can be retrieved from the Census Bureau’s website (www.census.gov). 
If one wants to have census tracts for a few states, American FactFinder (http://fact�nder2.census.gov) 
provides easy interactive access to each table: age and sex, race, Hispanic or Latino origin, educa-
tional attainment, employment status, income and earnings, industry and occupation, poverty, and 
work status. A nice addition to the ACS is table B19083, “Gini Index of Income Inequality.” In the 
5-year pooled sample, the Gini index table can be linked at the census tract level, and scholars have 
used it to associate low birth weight with the Gini index in South Carolina (Nkansah-Amankra 
et al., 2010).

6.5  SPATIAL VISUALIZATION AND DISEASE SURVEILLANCE

Spatial disparities in disease are common due to spatial gradients of SES and spatial distribution 
of natural and man-made hazards. There are many spatial surveillance methods, and several books 
are devoted to this topic. Spatial disease surveillance and assessment take mainly three approaches: 
detecting disease cluster, detecting potential relationship between a point source and its health 
impact, and assessing the environmental dose–response relationship between environmental vari-
ables and public health outcomes. In this section, we brie�y summarize major approaches used by 
special surveillance specialists and provide some simple examples.

2010 Tract
MOE2PVT

0.3990–29.10
29.11–34.10
34.11–38.50
38.51–43.40
43.41–48.80
48.81–55.00
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65.01–84.80
84.81–200.0

FIGURE 6.1  (See color insert) Poverty MOE to poverty rate ratio by census tracts in Nebraska: 2007–2011. 
The rate is the ratio of MOE divided by the poverty rate within each census tract. If the rate is greater than 100, 
the MOE is greater than the estimated poverty rate. The box below the state map is Omaha and its adjacent 
area. (From 2007–2011 ACS 5-year data for poverty.)
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http://www.census.gov
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6.5.1 E XPLorATorY SPATIAL DATA ANALYSIS

An exploratory spatial data analysis (ESDA) emphasizes data visualization. Early ESDA tool devel-
opments were mainly attributable to Getis and Ord (1992) and Anselin (1995) for spatial cluster 
and outlier detection. Spatial cluster detection has many methods. For continuous data, local indi-
cators of spatial association (LISA) is popular. It is built into GeoDa, a freeware, and ArcGIS, a 
commercial GIS software. LISA is based on Moran’s I statistic, which compares values within a 
de�ned area (usually by neighboring units vs. other areas) (Anselin, 1995). The method usually can 
spot either positive or negative spatial associations. The positive association includes two spatial 
patterns of high values near high values and low values near low values. Negative association is 
when high values are juxtaposed with low values, which is not common. LISA is often used for 
an exploratory analysis, and it usually does not consider multiple testing. Since spatial units are 
overlapping rather than mutually exclusive in a spatial weight matrix, a spatial unit can be tested 
multiple times depending on its neighboring association. When a detected spatial association has a 
signi�cant p-value, it might not be signi�cant when it accounts for multiple testing. A simple way 
to account for multiple testing is to divide the p-values by n, where n is the total number of spatial 
units in a study region. However, a more rigorous spatial statistic might be necessary to con�rm the 
existence of a spatial cluster (Tango, 1995). LISA in GeoDa is most often used by geographers and 
social scientists. Below, we provide some examples.

Recall that in Chapter  2 we cross-tabulated the Gini index and poverty categories, and we 
showed that low-birth-weight gradients can be captured by these two dimensions. However, we do 
not have an idea where high-poverty or high-Gini index places are located. To demonstrate how we 
may use ACS data in conjunction with low-birth-weight data, we use the same geocoded birth data 
(2005–2011) as in Table 2.8. The process is (1) geocode the birth data for Douglas County, where 
Omaha is located; (2) aggregate them to each census tract by the number of newborns with low birth 
weight and the total number of newborns; (3) download census tract poverty data and the Gini index 
from the 5-year ACS data for 2006–2010; and (4) link them all by GeoID2, which is the census tract 
ID. We are now ready to map them. We map their distributions by quintiles that divide the census 
tract within the county into �ve equal categories (20%, mid-high 20%, mid-20%, mid-low 20%, and 
bottom 20%).

Figure 6.2a displays poverty rates, and it shows that census tracts that sit near the east border area 
had a concentration of high-poverty tracts. This area is close to downtown Omaha. There was also 
a spot in western Omaha where poverty rate was relatively high, which could be due to sampling 
error, as the area was not as populated as the eastern part of Omaha. Figure 6.2b displays local 
clusters of poverty rate according to LISA using the same data as in Figure 6.2a. In the calculation 
of LISA, we used the ArcGIS spatial statistics toolbox. The spatial weight was based on the rook 
rule (contiguity edges only). In a study area with variable population densities and census tract 
sizes, using spatial neighbors for the spatial weight matrix is better than using distance. Figure 6.2b 
showed that there was a signi�cant cluster of high-poverty values close together. In addition, there 
were two low-value clusters in the Omaha suburbs. If we compare Figure 6.2a and b, the clusters 
make sense, and they simply add statistical signi�cance to census tracts if we want to look for high-
poverty areas.

Figure 6.3a displays the Gini indices. As we mentioned in Chapter 2, the Gini index is a measure 
of income inequality: the higher the number, the greater the inequality. The distribution of the Gini 
indices is broadly similar to that of poverty, but spread out more from the downtown area. Even the 
two most western census tracts had very high values of the Gini index. Statistically, there were still 
two low-value clusters in the western suburbs, but the high-value cluster or clusters tend to meander. 
If one knows the geography of the area, it is closely aligned with Center Street on either the north or 
south side. Note also that we used the rook contiguity rule, so we had a number of corner connec-
tions of high-value clusters. If we used the queen’s rule or other spatial weight matrices, the results 
would be slightly different.
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Given the observed SES distributions from the above �gures, we expected that low-birth-weight 
rates are concentrated in areas with high poverty rates and high Gini indices. Indeed, when we 
examined Figure 6.4a, which displays low-birth-weight rates, we found that our expectation was 
generally true, although low birth weight is also less concentrated than poverty concentration. In 
the �gure, we also include a thicker outline in the north central city area indicating a cluster, which 
we talk about next. But now, let’s look at Figure 6.4b’s LISA results. First, we observed a signi�cant 
high-value cluster in central city neighborhoods that corresponds to both the poverty cluster and 
Gini index clusters. Second, we observed a low-value cluster along the southwest that is close to the 
southwest cool spots from both Gini and poverty clusters and rates. Third, there were some negative 
local associations (high value next to low values, and vice versa), and we labeled them as outliers. 
The two low values next to the high value (“surrounded” by high-value census tracts) are next to 
the high-value cluster. The high value (high low-birth-weight rate) next to the low-value outliner is 
in the Ralston area.

The above results were exploratory and do not account for multiple testing problems (Tango, 
2000). After an exploratory analysis, more rigorous statistics are necessary to con�rm the 
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FIGURE 6.2  (See color insert) (a) Poverty rates in Douglas County (Omaha): 2006–2010. (b) Poverty rate 
clusters in Douglas County (LISA): 2006–2010.
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existence of a cluster by spatial epidemiologists. Spatial epidemiological surveillance uses many 
spatial statistic tools, mostly for count data that are based on the Poisson assumption. The most 
popular one, perhaps, is SatScan, software that performs a spatial scan test for various retro-
spective and prospective cluster detection and surveillance (Kulldorff, 1997). Federal, state, and 
city agencies, such as the National Cancer Institute, the Washington State Department of Public 
Health, and the New York City Department of Mental Health and Hygiene, use SatSan. The spa-
tial scan statistic is shown to be the most powerful for local cluster detection (Kulldorff et al., 
2003). It uses a moving circle of varying size to detect a set of clustered regions or points that are 
unlikely to happen by chance. Even though the moving window may circle a spatial unit multiple 
times, only the most likely cluster circle is used. It therefore does not have the multiple testing 
problem.

Based on the scan statistic from SatScan, Figure 6.4a shows a cluster based on the likelihood ratio 
test of one degree of freedom for 41.86 deviance. In spatial statistics, most people use relative risk, 
whose calculation is straightforward. It is the local rate divided by the whole study area rate. The 
cluster had the expected number of low-birth-weight cases (267), and there were 415 observed cases 
with a relative risk of 1.71. The cluster is centered at the 31055000700 census tract with a radius of 
1.28 miles. Once a cluster is detected, one can then zoom in to a local area to associate the cluster 
with etiological factors. For instance, after identifying local breast cancer clusters by the spatial scan 
method, Roche et al. (2002) compared local socioeconomic conditions within and outside of the 
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clustered areas. For instance, the Black population in the cluster area accounted for 67% of the total 
population in the clustered area. The Black population outside the cluster area, in contrast, accounted 
for 9% of the total nonarea population. Such descriptive analyses are fairly common. Recuenco et al. 
(2007) examined spatial and temporal patterns of enzootic raccoon rabies with multiple covariates.

SatScan is required to have a prede�ned scan window size by either population or some geo-
graphic units. If the window size is not clearly de�ned, one can end up with a cluster about half the 
size of the study area. How to determine to cluster location and size is one of the practical issues often 
encountered by spatial surveillance specialists. In the above example, we used SatScan’s default 
population size of 50% as the window, which results in window sizes varying over the scanned area. 
Properly determining the window size according to either geography, such as spatial contiguity, or 
at-risk population size is not easy due to overdispersion and other problems associated with Poisson-
based tests. The Poisson distribution assumes that its variance equals its mean, but in reality, they 
are often not equal. Cases are overdispersed when their variability exceeds that predicted by the 
Poisson distribution. The scan statistic may have an unacceptable type I error probability in the 
presence of overdispersion. In such a situation, the user has to decide whether an alarm or signal of 
a cluster is false. For example, dispersed cases were noticed in the syndromic surveillance of lower 
respiratory infection based on the spatial scan statistic in eastern Massachusetts (Kleinman, 2005). 
After the adjustment of known factors that caused overdispersion, the false alarm rate was reduced 
by as much as 30%. In addition to adjusting known factors, there are at least two ways to account 
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for overdispersion statistically. One is to add a parameter to a generalized linear model that allows 
an extra variation from the mean, and the other is to model spatial random effects. Both require a 
model-based approach that can incorporate an additional parameter into the spatial scan statistic. 
In addition, the traditional scan statistic was unable to incorporate ecological covariates, but this 
problem has been resolved by and large (Zhang and Lin, 2009, 2013).

The spatial scan test was unable to infer point source, which can be achieved by focused tests. 
Both Getis–Ord G (Getis and Ord, 1992) and Tango CF (Tango, 1995) are focused tests, but they 
are not designed primarily for area unit–based counts or rates. The Diggle’s parameterized test was 
designed to work with a known point source, such as a municipal solid waste incinerator, power 
plant, or nuclear power station (Diggle, 1990). The original method was based on a spatial point 
process for disease incidents and used a circle to de�ne and test a cluster existence. The point pro-
cess framework was later extended to generalized linear models for individual and aggregated data 
(Diggle and Elliott, 1997). Depending on types of data, one can run either a logistic, logit model, 
or lograte model around the point source. Both cases and noncases (or exposures) would be aligned 
according to distance from the point source. In the parameterized model, one would use a distance 
decay function, such as an exponential function. If the expected rate follows the distance decay 
function, then the point source has a signi�cant impact on disease incidence. Certainly, one can also 
use a series of dummy variables according to the distance from the point source. If the parameter 
estimate for a zone closer to the point source has a more positive and signi�cant value than the one 
farther away, then the point source would signi�cantly elevate the disease incidence. Since point 
sources are determined by public health concerns, and diseases or health conditions can be rare or 
common, such a test often requires some kind of study design that is hard to include in a surveil-
lance system.

Besides point source and area SES, there is area-based pollution exposure. Obvious population 
exposures include air, water, and agricultural chemicals. If we know the geographic distribution of 
hazards and some dose–response relationship, we could use them to explain spatial patterns. Most 
environmental health tracking systems tend to track known pollutants and environment hazards as 
environmental exposures on the one hand and potential health outcomes on the other. Interested 
readers can refer to the Centers for Disease Control and Prevention (CDC) environmental track-
ing system website (http://www.cdc.gov/nceh/tracking/). Essentially, using area-based environmen-
tal variables to correlate with spatial distribution of disease is analogous to including ecological 
covariates in cluster detection. If environmental hazard A causes disease B, then the disease cluster 
would not be evident if we use environmental hazard A as the explanatory variable for disease B’s 
distribution.

In many cases, environmental exposures are known, but their relationship to a particular disease 
incidence is unknown. In this case, some surveillance practices might be warranted. For example, 
Paraquat is known to be associated with Parkinson’s disease, so we map its distribution and then 
relate it to the distribution of Parkinson’s disease. Figure 6.5 shows Paraquat usage by census tract, 
which was derived from 1 × 1 kilometer grid exposure estimates from 1 of 19 agricultural chemi-
cal maps in Nebraska (Wan, 2015). Although there are many methods to assign a value to a census 
tract from a set of values within the census tract, we simply extracted the exposure map value 
according to the centroid of each census tract. Based on values at the census tract level, one can then 
attempt to associate spatially observed disease patterns with spatially estimated exposure patterns. 
An example will be presented in Chapter 20.

Finally, it is necessary to point out how to protect con�dential data from visualization. Sometimes, 
sensitive data cannot be displayed by geographic units due to potential Health Insurance Portability 
and Accountability Act (HIPAA) concerns. To protect the con�dentiality of public health program 
participants, a smoothed map without a clear boundary or an accurate rate can be shown. A case in 
point is HIV positive data. Figure 6.5 shows HIV positive cases in a 27-year period. The original 
data were geocoded at the address locations and then aggregated to census tracts. Since exact rates 

http://www.cdc.gov/nceh/tracking/
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cannot be displayed, a spatial smoothing method (e.g., Kriging) was used. In this case, it is still obvi-
ous that the areas are close to central city or low-income neighborhoods.

6.6  CHAPTER SUMMARY

In this chapter, we highlighted the importance of geocoding and recognized that there are going to be 
some quality issues associated with geocoding. We proposed a master address index approach to sustain 
geocoding operations. Theoretically, each standardized address should be coded only once to a very 
high quality. After a while, there will be very moderate effort in geocoding each year within the public 
health agency. In reality, low-quality geocoding is easy and cheap; people might just take an easy route to 
geocode. The drawback is low and inconsistent geocoding. Since a major application of geocoding is to 
associate patient residential location with neighborhood SES variables, we also described how to attach 
census tract data to geocoded coordinates, and issues that people should watch for. Speci�cally, SES 
variables are now most commonly from ACS 5-year data, which also include the MOE for each variable. 
The MOE concern is more pronounced in rural and sparsely populated areas due to small sample size.

In addition, we conducted some exploratory spatial data analyses by visualizing poverty, Gini 
index and low birth weight, and LISA cluster maps. One thing about ESDA is that the results are 
preliminary and need to be con�rmed by more rigorous spatial statisticst. To that end, we described 
the spatial scan statistic and demonstrated its application. Finally, we brie�y commented on other 
spatial surveillance concerning environmental exposure and displaying potentially protected data.
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7 Methodological 
Preparation for Health 
Disparity Assessment

7.1  INTRODUCTION

In preparation for health disparity assessment, we have introduced conceptual and measurement 
issues of health disparities, record linkage, data integration, geocoding, and exploratory spatial 
data analysis in the previous chapters. This chapter covers the remaining methods in study design 
and analysis for disparity surveillance or assessment. We de�ne health disparity surveillance 
as using existing administrative or observational data to systematically detect health disparities 
along major disparity dimensions, such as race and ethnicity, gender, socioeconomic status (SES), 
and rurality. The materials in this chapter are mostly covered by an intro-level epidemiological 
course.

Although we use the term surveillance, we want to make some distinctions between disease 
surveillance and disparity surveillance. First, disease surveillance most commonly refers to timely 
monitoring a set of reportable disease occurrences so that a disease outbreak can be captured at 
an early stage. Although health disparity surveillance can be based on a set of diseases or condi-
tions, the list is much longer than that for reportable diseases. As mentioned in Chapter 2, health 
disparities include not only disease, but also health behaviors and access to care. In addition, due to 
the dynamics of disease-speci�c importance in public health and health policy, the list of diseases 
often changes in disparity surveillance. At a minimum, as one disease disparity is eliminated, one 
moves on to another. Second, disease surveillance happens in real time or near real time. Disparity 
surveillance, on the other hand, is not critical to conduct in real time, because most factors contrib-
uting to health disparity are chronical rather than instantaneous or time sensitive. Third, in disease 
surveillance, the next disease outbreak is unknown. In health disparity surveillance, it is already 
known that a certain degree of disparity exists, and the task is to measure disparities as a baseline 
and monitor changes in disparities while controlling for known risks. Finally, once a disease out-
break is detected and con�rmed, it triggers an immediate public health action. Once an important 
health disparity is con�rmed, it might lead to further disparity assessments or studies to identify 
modi�able risk factors.

It also worth noting that even though both disease surveillance and disparity surveillance use 
the same methodology and statistical tools, disparity surveillance represents much wider interests 
from multiple public health programs. It implies that there might not be a standard protocol for con-
ducting disparity surveillance, as different programs have different requirements. Given the above 
cautionary note, we tried to cover study design and statistical measures for cross section and time 
series disparity surveillance.

7.2  SETTING THE SURVEILLANCE SCOPE

We started with setting the surveillance scope, which is different from most epidemiological stud-
ies that start with setting the hypothesis. Typically, when initiating a research project, we phrase a 
speci�c research question as the hypothesis; for example, there is no treatment difference between 
Blacks and Whites for small-cell lung cancer patients. In disparity surveillance, we normally do 
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not have a speci�c research question; hence, determining the scope, such as which diseases or 
health conditions should be included in the surveillance, becomes a nontrivial question. Normally, 
de�ning the scope is an iteratively narrow-down process. Factors that in�uence the scope of dispar-
ity surveillance include a list of needs, existing data and auxiliary data sources, and a list of diseases 
or conditions.

Needs. A list of needs often comes from programs and the literature. A rural health program 
would want to know access to care disparity, a stroke program would want to know stroke 
rehabilitation, a health service–related program would want to know readmission, and 
a minority program would want to know morbidity and mortality by race and ethnic-
ity. Many state public health programs have an advisory council that can provide some 
input. In the preparation of this book, we interacted with minority health, cardiovascular 
disease (CVD), vital statistics, cancer prevention, cancer screening, and Pregnancy Risk 
Assessment Monitoring System (PRAMS) programs. The consensus was that many pro-
grams need to know morbidity, mortality, and birth outcomes. Since the latter two have 
been documented extensively in the literature and internal reports, the largest information 
gap existed in morbidity.

Data. Some morbidity information can come from survey data, such as Behavioral Risk 
Factor Surveillance System (BRFSS) and PRAMS. However, these surveys provide a very 
limited number of diseases or conditions, and most on prevalence. We decided to use 
hospital discharge data (HDD) because it has never been used systematically for disparity 
surveillance. In the absence of data from physician clinics, the HDD represent the most 
comprehensive data for calculating population-based morbidity for the state. However, a 
major limitation of the HDD was that they do not have race and SES information. With 
race information from other program data and with geocoding for SES data, we could add 
this auxiliary information through data linkage.

Depth and width of scope. Most surveillances use descriptive statistics, so the focus should 
be on the width of major disease categories. A good starting point for disease selection is 
the list of top 10 diseases with largest disparities or signi�cance. For example, most state 
and local health departments regularly report the top 10 causes of death, with the top 5 
normally including heart disease, cancer, chronic obstructive pulmonary disease, stroke, 
and unintentional injury. One consideration for diseases to be included in surveillance is 
statistical power, or the number of observations needed for testing statistical signi�cance 
among different combinations of groups and categories. Since diseases and events can be 
common or rare, it is dif�cult to use the power to decide the width of surveillance. If we 
want to examine health disparities by race or SES for the top 20 diseases or the princi-
pal diagnosis for hospital admission, we will likely have a suf�cient number of cases in 
Nebraska, which has a little more than 200,000 admissions annually. However, if we want 
to examine quality of care by using the indicator of readmission, then the top 20 diseases 
for admission are unlikely to yield suf�cient readmissions for disparity surveillance.

Even though we describe data and the width of scope separately, the two in general often go 
together: we need to identify an appropriate dataset and assess its feasibility. For example, if we 
want to assess racial disparities in low birth weight by neighborhood poverty, we would want to see 
how racial categories are distributed by neighborhood poverty categories. If a neighborhood cat-
egory had few observations of a particular race, then we would have to think about combining race 
or neighborhood categories. Furthermore, if the study is expanded to consider residential mobility 
during the pregnancy, we have to know if both the race and neighborhood categories have a suf-
�cient number of movers. In other words, in expanding the scope of study, it is necessary to assess 
existing datasets for their potentials and limitations.
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7.3  STUDY DESIGN

7.3.1 C roSS-SECTIoNAL AND CASE CoNTroL

Most surveillance studies are cross-sectional with a prede�ned study population, which can be 
divided into having and not having the disease. One can then examine the two groups by a disparity 
dimension, such as race or SES. Here, we use a disparity dimension to mimic the degree of expo-
sure. For example, the Nebraska BRFSS is an annual survey of adults age 18+ with many disease 
indicators, such as asthma. It also has standard income, education, occupation, and race and ethnic-
ity groups, which could be used as disparity dimensions. In such a cross-sectional study, we can use 
the term case control loosely, where we could start by dividing the sample into having asthma or 
not as cases versus controls, and then use farmer versus not as exposure, assuming farmers would 
be exposed to a lot more agricultural dusts than nonfarmers.

Since most administrative data are collected for a number of years, they can easily be adopted 
for a case-control design. A case-control study is retrospective, and it starts with de�ning cases and 
controls and then associates them with a past exposure. For instance, when we examine asthma 
admissions, we treat having the asthma as cases and not having it as controls. We can then correlate 
them with neighborhood exposure to air particulates prior to admissions.

7.3.2 T IME SErIES or PrE- AND PoSTSTUDY DESIGN

The time series is a research design with repeat measures taken at different points in time. Time 
series data do not require following the same individuals over time. If two cross-sectional designs 
use the same set of variables, then they become a time series design. A commonly used time series 
design in public health is BRFSS, which has a set of the same questions and variables each year. 
Its annual report can track changes of many behavior risk factors over time. When time series data 
are divided by an event, intervention, or something that is expected to have some impact on key 
variables of interest, it becomes a pre- and poststudy design. The smoking rate is perhaps one of the 
most monitored variables. When assessing the impact of a citywide smoking ban in public places, 
one can use this design to collect data on smoking prevalence before and after the smoking ban. We 
will use an example based on BRFSS data to elaborate this design in Section 7.5.3. In many surveil-
lance studies, it is necessary to compare temporal trends with an implicit pre- and postdesign. For 
example, after the Affordable Care Act, we would expect a decline in the use of emergency depart-
ments (EDs) for ambulatory care sensitive conditions (ACSCs). Since the use of EDs for ACSCs 
is disproportionate for the poor and racial minorities, we would also expect a reduced disparity of 
using EDs for ACSCs along SES after the Affordable Care Act.

Time series designs are also widely used in environmental exposure studies. Increased mod-
eling sophistication, such as generalized additive models, can smooth seasonal and other time-
dependent trends while teasing out the relationship between environmental exposure and disease. A 
classic example is the study that associated air population to mortality in Philadelphia in 1974–1988 
(Kelsall et al., 1997). Time series designs can also incorporate multiple locations. In a study by 
Lin and Zhang (2012), birth weight and extreme weather were associated at the county level in the 
United States using the National Natality Index from 1969 to 1988.

7.3.3 L oNGITUDINAL

The longitudinal study design requires study of the same individuals over time. In an administrative 
database, it can be achieved by indexing the same individuals and following them over time either 
prospectively or retrospectively. The retrospective design can be incorporated by epidemiologists 
for a cohort study, in which individuals normally divide into exposed and not exposed groups to 
see whether they develop a disease or not within the dataset. With few exceptions (cancer registry, 
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HDD), most datasets within a state public health agency are not indexed at the individual level and 
cannot meet the standard of the perspective cohort design. However, most data can be indexed to 
build a retrospective cohort. For example, annual motor vehicle crash injury data are cross-sec-
tional. However, the police-reported data include a driver’s license number together with the name. 
We can easily index drivers by their license numbers and study their behavior change over time 
retrospectively. For example, drunken drivers who crashed and caused injuries are often required by 
the court to take alcohol education classes as well as an evaluation. We can then study which drivers 
are more likely to be repeat offenders in terms of crash injuries due to driving under the in�uence of 
alcohol. Since most statistical measurements in cohort studies are similar to those in cross-sectional 
and time series studies, we will not separately cover them in this chapter.

7.4  CROSS-SECTIONAL MEASUREMENTS

Regardless of the study design, most surveillance studies use the same set of statistical measures. 
We �rst brie�y describe some of the common measures of health disparities, and then proceed with 
examples on how to guide disparities assessment. Although mean is used for a number of health 
indicators, such as birth weight and body mass index, most comparisons of health disparities are 
based on rates. We will describe primarily the rate and its various measures for group comparison.

7.4.1  RATE

Let’s assume that Table 7.1 shows deaths due to gun violence in a section of a city in a given year, 
where the total population is 11,620 and the average death rate due to gun violence is 0.0182, or 18 
deaths per 1,000. Note that there are sharp racial differences, where the death rates for Blacks and 
American Indians and Alaska Natives (AI/ANs) are 10 and 5 times, respectively, that for Whites. 
However, when comparing different racial groups, some consideration must be given to which refer-
ence group to use.

Without a preoccupied position, a good starting reference group would be the one with the largest 
number of observations, because the largest group has the most stable rate. For a health disparity 
assessment project, one could also select the group with the lowest or best rate; if one group can 
achieve this rate, all other groups should also be able to achieve it too. Numerically, if all other 
groups are compared with the best group, the directional effects will be the same. In Table 7.1, 
Asian is the best group, and the death rates for the White, Black, AI/AN, and Native Hawaiian and 
Paci�c Islander (NHPI) groups are 0.006, 0.096, 0.036, and 0.046, respectively, higher than the rate 
for Asians.

Now, let’s look at different ways of using a reference group based on data from Table 7.1. We 
started with a simple log-rate model:

 log Death/Total Race( ) = 	 (7.1)

TABLE 7.1
Hypothetical Data on Gun Violence by Race

Race Alive Dead Total Death Rate

White 9,900 100 10,000 0.01

Black 900 100 1,000 0.1

AI/AN 96 4 100 0.04

Asian 199 1 200 0.005

NHPI 19 1 20 0.05

Column total 11,114 206 11,320 0.01819788
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This model can be estimated by moving the total to the right-hand side of the equation as the 
offset. Most statistical software packages have a Poisson regression module that can estimate this 
type of model (Powers and Xie, 2000). The result from Model I (Table 7.2, upper panel) is based on 
outputs from SAS 9.3 Proc Genmod, with Whites being the referent:

proc genmod data=fakedata;
class Race (ref=”White” param=ref);
model dead=race/dist=poisson offset=LogTotal;

Note that LogTotal is the natural logarithm of the total population (LogTotal =  log(total)) in 
SAS. Since we have �ve cell frequencies of dead and �ve parameter estimates, it is a saturated 
model that �ts each cell exactly. We observe that the log rates for Blacks and American Indians 
are signi�cantly higher than those for Whites. However, if we use NHPI as the reference group in 
Model II (Table 7.2, middle panel), none of the results of racial group comparisons are signi�cant. 
This clearly shows that one should avoid using a small group as the reference, especially when cal-
culating con�dence intervals (CIs). In this case, using the best outcome group (Asian; Model III) 
is �ne. As expected, all coef�cients have the same directional effects, even though the effects for 
Whites and NHPIs are not signi�cant. Although which reference group to use is statistically trivial, 
one would not want to use NHPI in Model II due to the small cell size. It is better to use Model I due 
to its group importance in race recognition.

As shown in Table 7.2 under “Estimate,” log rates are not intuitive. Sometimes, it is necessary 
to convert log rates to rates by taking the exponential of the log estimate. Let’s use Model I as 
an example. The exp(–4.6052) = 0.01 is also called the grand mean. In the saturated model, it is 
identical to the rate for Whites in Table 7.1. The con�dence limits can be calculated in rate using 
exp(estimate ±  1.96*Std Err), in this case exp(–4.6052 – 1.96*0.1) =  0.008219877 for the lower 
limit and exp(4.6052 + 1.96*0.1) = 0.012164906 for the upper limit. Certainly, one can also use the 

TABLE 7.2
Log-Rate Model Parameter Estimates Based on Different Reference Groups

Estimate Standard Error 95% Confidence Limits Chi-Square p-Value

Model I
C (ref = White) –4.6052 0.1 –4.8012 –4.4092 2120.76 <0.0001

AI/AN 1.3863 0.5099 0.3869 2.3857 7.39 0.0066

Asian –0.6931 1.005 –2.6629 1.2766 0.48 0.4904

Black 2.3026 0.1414 2.0254 2.5798 265.09 <0.0001

NHPI 1.6094 1.005 –0.3603 3.5792 2.56 0.1093

Model II
C (ref = NHPI) –2.9957 1 –4.9557 –1.0358 8.97 0.0027

AI/AN –0.2231 1.118 –2.4144 1.9682 0.04 0.8418

Asian –2.3026 1.4142 –5.0744 0.4692 2.65 0.1035

Black 0.6931 1.005 –1.2766 2.6629 0.48 0.4904

White –1.6094 1.005 –3.5792 0.3603 2.56 0.1093

Model III
C (ref = Asian) –5.2983 1 –7.2583 –3.3384 28.07 <0.0001

AI/AN 2.0794 1.118 –0.1119 4.2707 3.46 0.0629

Black 2.9957 1.005 1.026 4.9655 8.89 0.0029

NHPI 2.3026 1.4142 –0.4692 5.0744 2.65 0.1035

White 0.6931 1.005 –1.2766 2.6629 0.48 0.4904
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exponential upper and lower con�dence limits directly, when they are parts of the output. Note that 
calculating the rate for a nonreference group needs to take the constant C or the estimate for the 
reference group into consideration, because coef�cients for nonreference groups are relative to the 
coef�cient for the reference group. For example, in order to calculate the rate for Blacks, we need to 
add the coef�cient for Blacks (2.3026) to the constant C (–4.6052) in the following steps:

	 1.	 (–4.6052 + 2.3026) = –2.3026.
	 2.	exp(–2.3026) = 0.1.
	 3.	 If the con�dence interval is needed, then take exp(–2.3026 ± 1.96*0.1414), which equals 

0.075793405 and 0.131933668, respectively, for upper and lower con�dence limits.

Once all the con�dence limits are calculated, they can be placed together with each expected 
rate, or the observed rate in this case, to make a graph. Figure 7.1 presents the results for four races. 
We dropped the results for NHPI because the con�dence interval between the lower and upper 
limits was too wide to be reasonably displayed. Rates displayed by a bar chart implicitly suggest an 
absolute measure of disparity, because a difference between a group rate and a speci�ed reference 
rate can be inspected graphically or measured arithmetically. As we already knew, the rate differ-
ence between Blacks and Whites is 0.1 – 0.01 = 0.09. In other words, the magnitude of difference 
is 90 per 1000 gun violence patients.

7.4.2  RELATIVE RATE

Disparities can be measured by either a rate ratio for a particular reference group or the mean rate 
of the total population. The rate for the total population is a weighted average of the group rates. 
The total population rate is more stable than any reference group rates. Basically, any race-speci�c 
rate in Table 7.1 divided by 0.0182 is a ratio to the mean rate. A rate ratio close to 1 suggests that 
a race-speci�c rate is close to the mean or average rate. However, it is not common to use the rate 
ratio in reference to the mean, because of complications when a rate is controlled by another cat-
egory, such as age group. In addition, different areas may have different population means, and it 
is not straightforward to compare rate ratios across regions or over time periods. For this reason, a 
particular group rate is usually used as the reference.

Although the con�dence limit can also be calculated by hand, the log-rate model provides a 
consistent method, especially when data are presented in a multiway table. Table 7.3 lists the same 
data as Table 7.1, but adds sex. Upon inspection of the table, we �nd males have proportionally more 
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deaths than females across all racial groups. If we assume that the effects of sex by race are similar, 
and their average effect can �t the model suf�ciently, we can then specify the independent log-rate 
model of race and sex:

 log /Death Total Race Sex( ) = + 	 (7.2)

Table 7.4 presents the results for the log-rate model in Equation 7.2. The last column shows the 
relative rate result, which is another way of presenting results. In fact, when data are presented 
in a multiway table, it is more common to present the result as a relative rate. The grand mean or 
exp(–4.4116) = 0.0121 is the omitted category in calculating the relative rate, as its relative is 1. All 
other relative rates are listed by taking their exponential terms from their logarithm estimates. The 
con�dence limits can then be calculated directly from their logarithms. For instance, the lower and 
upper limits for Asians are 0.069746 and 3.5844, respectively. They are not signi�cant because the 
interval contains 1. For females, the relative rate is 0.648, or about two-thirds the male rate. This 
average effect applies to all races.

One caveat of relative rate is that it removes the sense of magnitude in the expected rate. If we 
take exp(–4.4116), we would have the expected rate of 0.0121 for White males. However, when we 
say that the rate for Blacks is 10 times the rate for Whites, we still lose sight of the absolute measure 
for rate. When two rates are very small in comparison, 10 times may represent a huge gap, such as in 
the case of measles incidence between regions or between arbitrary racial groups. When two rates 
in references are high in magnitude, two times higher can have quite different disease prevention 
implications between regions or any other categories.

TABLE 7.3
Hypothetical Data on Gun Violence by Race and Sex

Race Sex Alive Dead Total Death Rate

White M 4,940 60 5,000 0.012

Black M 440 60 500 0.12

AI/AN M 47 3 50 0.06

Asian M 99 1 100 0.01

NHPI M 9 1 10 0.1

White F 4,960 40 5,000 0.008

Black F 460 40 500 0.08

AI/AN F 49 1 50 0.02

Asian F 100 0 100 0

NHPI F 10 0 10 0

Column total 11,114 206 11,320 0.018198

TABLE 7.4
Log-Rate Model Parameter Estimates by Race and Sex

Model I Estimate Standard Error 95% Confidence Limits p-Value RR

C (ref = White) –4.4116 0.1147 –4.6363 –4.1869 <0.0001 1

AI/AN 1.3863 0.5099 0.3869 2.3857 0.0066 4

Asian –0.6931 1.005 –2.6629 1.2766 0.4904 0.5

Black 2.3026 0.1414 2.0254 2.5798 <0.0001 10

NHPI 1.6094 1.005 –0.3603 3.5792 0.1093 5

Female (ref = male) –0.4339 0.1426 –0.7134 –0.1543 0.0024 0.648
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7.4.3  ODDS AND ODDS RATIo

Odds and odds ratio are most commonly used for group comparison. When calculating the odds 
ratio, the numerator is the odds in the intervention group, while the denominator is the odds in the 
control or placebo group. The ratio equals 1 if the outcome between the two is the same. Odds 
ratio is used frequently in exposure studies, where the odds of the exposed group are often used 
as the numerator. Take the �rst two rows of Table 7.1, for example. We can assume that Blacks 
had the exposure of a poor neighborhood, while Whites did not. The odds of living or dying for 
Whites are 100/9900 = 0.0101, and the odds for Blacks are 0.11111. To measure the relative effect of 
Blacks versus Whites, we would use an odds ratio. Since we assume that Blacks had exposure, the 
odds ratio would be derived from the odds of Blacks divided by the odds of Whites, which equals 
11. It should be noted that the odds ratio can be calculated directly by the cross product ratio of 
(9900*100)/(900*100). Compared to Whites, the likelihood of dead versus alive is 11 times higher 
for Blacks. Based on Table 7.1, Table 7.5 lists the results from a logit model. Odds ratios are listed 
in the last column relative to Whites.

In public health practice, the use and interpretation of exposure are not straightforward, and they 
often depend on data availability and communication strategy. The use of disparity exposure is essen-
tially to devise a disparity scale or level for comparison. When multiple disparity measures are avail-
able, one needs to choose the one based on the scope of study and ease of interpretation. The scope 
of study dictates the intended intervention mechanism; the ease of interpretation helps to deliver the 
message. For instance, race and education are easier to explain than the Gini index. However, if the 
target is to reduce income inequality, one would prefer a Gini index. Table 7.6 shows the results from 
four logistic regressions. It uses low birth weight as the outcome and compares odds ratios for four 
disparity measures: race and ethnicity and education of the mother, percent of people living under the 
federal poverty line, and the Gini index. The latter two are based on the census tract of the mother. 
The birth data were restricted to mothers with Nebraska residence from 2005 to 2011 birth certi�cates. 
Both poverty and Gini index are census tract–based measures, while other measures in the table were 
individual based. In all models, the odds ratios were age-controlled for mothers and sex-controlled 
for newborns. The results from the educational level and the Gini index were the most consistent; the 
lower the educational level, the greater the chance of having a low-birth-weight baby; the greater the 
concentration of income, the higher the odds ratios. For race and ethnicity, neither the race of others 
nor Hispanic origin was signi�cant. By dropping the Hispanic origin variable, the result for race does 
not change. Poverty variables were also consistent in terms of point estimates, but the odds ratios for 
the two neighborhood groups with 15% of people below the poverty level were not signi�cant.

7.4.4 S TANDArD MorTALITY RATE

Age is a known risk factor. When comparing rates among different groups at the population level, 
age structure differences between two groups can affect the conclusion. For this reason, most people 
use the age standard rate. There are two ways to adjust age: direct standardization and indirect 

TABLE 7.5
Logit Model Parameter Estimates

Model I Estimate Standard Error 95% Confidence Limits p-Value Odds Ratio

C (ref = White) –4.5951 0.1005 –4.7921 –4.3981 <0.0001

AI/AN 1.4171 0.5201 0.3977 2.4365 0.0064 4.1251

Asian –0.6982 1.0075 –2.6729 1.2765 0.4883 0.4975

Black 2.3979 0.1456 2.1124 2.6834 <0.0001 11.0001

NHPI 1.6507 1.0309 –0.3698 3.6712 0.1093 5.2106
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standardization. The former requires standard population, while the latter requires age-speci�c 
death rate among the standard population. Since we normally have access to the standard popula-
tion, the direct method is commonly used.

The directional effects between standardized and crude mortality rates are often different, and 
it is important to adjust the age effect when making comparisons. The heart disease mortality rate 
has been in decline for many years nationwide, and we thought it would be interesting to compare 
trends for Nebraska by race and ethnicity. Table 7.6 displays crude rates and age-adjusted rates for 
comparing 2004–2008 (time 1) and 2009–2013 (time 2) heart disease mortality trends in Nebraska. 
When calculating mortality by race, one needs to pay attention to race-speci�c at-risk populations. 
The population numbers in the table are based on single-race populations, where the multiple races 
are ignored as judged by the health statistic of the Nebraska Public Health Division. The ignored 
multiple-race group had a population of about 60,000 in 2008, which would affect the results differ-
ently among different race groups. First, it might assume that the proportion of multiple-race per-
sons within each race population is about the same. This assumption would affect all racial groups 
in the same way. However, if most multiracial persons self-identi�ed with a minority group, then the 
equal share assumption would not hold, as there would be <50% of multiracial persons identi�ed 
with Whites. Hence, if more than 50% of multiracial persons were to allocated among the minority 
population, their standard mortality rates would be much lower for minority racial groups. Hence, 

TABLE 7.6
Odds Ratios of Low Birth Weight by Four Disparity Measures

Confidence Limits

Odds Ratio Low Limit Upper Limit

Race/Ethnicity
Black vs. White 2.266 2.139 2.4

AI vs. White 1.279 1.084 1.508

Asian vs. White 1.242 1.111 1.387

Other vs. White 1.012 0.914 1.121

Hispanic vs. non-Hispanic 1.031 0.945 1.126

Education
Associate’s degree vs. college 1.138 1.061 1.221

High school vs. college 1.376 1.312 1.443

Less than high school vs. college 1.596 1.504 1.694

Poverty
5%–10% vs. <5% 1.037 0.981 1.097

10%–15% vs. <5% 1.047 0.987 1.111

15%–20% vs. <5% 1.149 1.07 1.234

20%+ vs. <5% 1.394 1.317 1.477

Gini Index
0.347–0.385 vs. <0.346 1.073 1.019 1.131

0.385–0.419 vs. <0.346 1.06 1.006 1.117

0.420 vs. <0.346 1.133 1.076 1.193

Note:	 Race and ethnicity are self-reported by mothers. Both poverty and Gini index 
were from census tract–level information extracted from 2007 to 2011 ACS 
data. The four categories in the Gini index are based on quantiles (top 25%, 
upper middle 25%, lower middle 25, and bottom 20% census tracts).
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omitting multiracial persons from the at-risk population would likely affect different racial groups 
differently in terms of calculating standard mortality rates. It would affect the White group little 
due its large population size.

As shown in Table 7.7, the crude rates for White males and females in time 1 were 196.8 and 
205.3, respectively. The corresponding rates for Blacks, in contrast, were 119 and 127, respectively. 
With a more than 40% racial difference, one could blindly conclude that directional effects by 
race would not change when age is introduced. However, the race-speci�c population age structure 
here is critical, because the standard rate based on the standard 11 age groups changed directional 
effects. Compared to Whites, the standard mortality rates for Blacks were about 15% higher for 
males and 46% higher for females for the time 1 period. In addition, we found that changes in mor-
tality between time 2 and time 1 were much larger among minority groups than those for Whites. 
One important fact was that the rate for Black males increased slightly between the two periods. 
Here, the decline was not always in favor of minority groups.

In addition to racial grouping of the at-risk population, age grouping can also change standard 
rates. Here, we use stroke data from Nebraska between 2005 and 2009 to assess the in�uence of the 
last age group. An extremely high rate for the last age group can swing the results from one direc-
tion to another. In Table 7.7, we list the results for each step and demonstrate how the last age group 
may in�uence the results. Data are arranged by age and sex, because sex is an important predictor of 
stroke mortality. The mortality rates in the table are presented per 100,000, which can be calculated 
by dividing the number of age-speci�c deaths and the corresponding population. The correspond-
ing population is based on the 2007 population (midyear of 2005 and 2009). Since deaths are for 
the 5-year period, we use the annualized population that is �ve times that of the at-risk population. 

TABLE 7.7
Changes in Heart Disease Mortality between 2004–2009 and 2009–2013 Periods

Total White Black Native Asian Hispanic

Male
Number of deaths 2004–2008 8,638 8,318 236 46 21 109

Number of deaths 2009–2013 8,290 7,904 285 34 23 107

Population 2004–2008 878,006 800,512 39,848 10,255 14,881 73,942

Population 2009–2013 914,690 822,883 44,821 12,302 17,922 91,899

Crude rate 2004–2008 196.8 207.8 118.5 89.7 28.2 29.5

Crude rate 2009–2011 181.3 192.1 127.2 55.3 25.7 23.3

Standard mortality 2004–2008 218.4 217.6 249.5 261.3 119.9 118

Standard mortality 2009–2013 188.3 186.7 256.4 155.6 88 90.5

Changes in standard mortality –13.8 –14.2 2.8 –40.5 –26.6 –23.3

Female
Number of deaths 2004–2008 9184 8866 251 33 18 79

Number of deaths 2009–2013 8282 7976 222 33 21 67

Population 2004–2008 894,687 816,422 39,341 10,064 15,879 64,539

Population 2009–2013 927,059 835,551 43,000 12,122 19,325 82,798

Crude rate 2004–2008 205.3 217.2 127.6 65.6 22.7 24.5

Crude rate 2009–2011 178.7 190.9 103.3 54.4 21.7 16.2

Standard mortality 2004–2008 138.8 137 200.8 169.3 71.1 95.1

Standard mortality 2009–2013 119.9 118.7 158.5 124.7 59.6 54

Changes in standard mortality –13.6 –13.4 –21.1 –26.3 –16.2 –43.2

Source:	 Nebraska health statistics. Rates are per 100,000, annualized by dividing by 5 for each period.
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Standard population weights are in rate, and their sum should equal 1. The standard mortality rate 
is weighted by population, which can be derived by calculating (1) age-sex speci�c rates, (2) age-
speci�c weights in rate, and (3) the sum of multiplications of 1 and 2.

The upper panel of Table 7.8 lists seven age groups, while the lower panel list six groups. The 
difference is the last age group in the six-age-group panel combines the last two age groups (75–84 
and 85 and over) into a single age group, 75+. In so doing, a sex difference in favor of females 
(males 44.505 vs. females 40.685) in the seven-age-group calculation becomes a difference in favor 
of males (males 44.074 vs. females 45.579) in the six-age-group calculation. The reason is that age 
distribution versus mortality distribution of the last two groups differs suf�ciently to swing the 
results. Even though we used stroke, the in�uence of the last age group is quite common in other 
diseases, such as in cancer.

In addition to the standard mortality, age standardization can be used for incidence and health 
behavior too. We present a surveillance application in which standard cancer incidence rates are 
calculated by census tract poverty level. In the past, standard incidence rates for major cancer sites 
were often included in the annual Nebraska cancer registry reports. Age-standardized rates are often 
presented by county, race, and other dimensions, but SES-based incidence has never been presented. 
With geocoded census tract information, it is very easy to present small-area data. One of most com-
monly used methods is to aggregate census tract–level data according to some neighborhood charac-
teristics and present them in tabulated forms. Table 7.9 presents overall and late-stage incidence rates 
for males and females by three poverty levels: low-poverty census tracts with <5% people under the 
poverty level, midpoverty census tracts with between 5% and 15% people under the poverty level, 
and high-poverty census tracts with >15% people under the poverty level. In the table, we used the 
2007–2011 American Community Survey (ACS) population at the census tract level by age and sex 
as the at-risk population and 2005–2011 cancer data. We chose this period because later on we will 
use this period extensively in hospital-based disease surveillance. As one can see, lung cancer and 
colorectal cancer had an SES gradient: the higher the poverty level, the greater the incidence rate.

Finally, the concepts of sample and sample population are important in determining standard 
mortality. In general, standard mortality and incidence rates are all based on population rather than 
a sample. In the above stroke case, stroke deaths were for all residents of Nebraska in the 5-year 
period. An age-speci�c number of deaths divided by the age-speci�c at-risk population becomes an 
age-speci�c death rate. We can compare and describe straightforwardly any pairs of age-speci�c 
rates for their differences; it is not necessary to test them for statistical difference. However, if we 
consider time series data, for example, 1960–2010, and consider Nebraska as a sample of 50 states, 
then the 5-year data from the time series can be considered a sample, for which statistical tests 
would be �ne.

7.5  INTERTEMPORAL MEASUREMENTS

Temporal patterns are an important aspect of disparity surveillance. As shown in Section 7.4.4, stan-
dard mortality and standard incidence are measures for comparing intertemporal trends. For long-
term trends, such as over a 15- or 20-year period, intertemporal comparisons with few discrete time 
intervals are not effective. For the population change governed by fertility, mortality, and in- and out-
migration, the standard mortality is a summary measure that masks age- and time-dependent effects. 
Warning labels on all cigarette packages started in 1970, and waves of “stop smoking” campaigns 
have reduced men’s lung cancer incidence rate for a particular age segment, while population aging 
increases lung cancer incidence, which can be adjusted by the standard incidence rate.

7.5.1 S EASoNAL TrENDS

Another time-dependent effect is seasonal in nature. In�uenza and asthma are two examples. The 
former tends to have an annual peak season around winter months, while the latter tends to have 
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biannual peaks in spring and fall. The recurrence of in�uenza has been modeled at the national 
or city level, and excessive morbidity can be assessed by Ser�ing et al. (1967) or more compli-
cated Fourier regressions and nonparametric regression methods. More recent developments tend 
to decompose aggregated models into multiregional models (Viboud et al., 2006) or different age 
groups (Olson et al., 2007), so that the interactions among different regions or different age groups 
can be assessed and linked to in�uenza diffusion. Viboud et al. (2006) studied the spatial hierar-
chies in the spread of in�uenza in the United States. They found that spatially lagged in�uenza 
mortality at the state level is highly correlated with air passage �ows based on a gravity or spatial 
interaction model. Olson et al. (2007) estimated age-speci�c models using Ser�ing regression, and 
they found that in�uenza epidemic period peaks occurred earliest among school-aged children each 
season between 2001 and 2006.

A Ser�ing regression can be de�ned according to ordinary least-squares (OLS), log-rate, and 
logit regressions. Conceptually, log-rate regression and logit regression are more appealing, because 
both use count data. When data are complete and the sample is large, OLS regression using count 
data would be �ne. When data are incomplete either by week or by submitting hospital, modeling 
expected rate is more appropriate. Let ω = π/52.18, or annual cycle, and t be the index weeks from 
the beginning period to the end period; then a simple OLS Ser�ing regression model can be set up as

 M sin cos sint t t t t= + ( ) + ( ) ( ) ( ) ++ +α β ω β εω γ ω γ ω τ0 1 1 2 22 2 4 4cos 	 (7.3)

TABLE 7.9
Annualized Cancer Incidence for Top 10 Cancer Sites by Sex and Poverty: 2005–2011

Males  Females 

Low Poverty Midpoverty High Poverty Low Poverty Midpoverty High Poverty

Overall
Breast 147.6 119.5 116.5

Prostate 165.5 137.6 143.9

Lung 69.9 71.2 98.2 55.3 46.1 63.5

Colorectal 60.5 56.7 66.2 48.0 45.4 51.8

Skin 30.4 20.8 17.8 23.6 14.9 12.6

Non-Hodgkins 28.6 23.8 23.8 20.7 17.6 19.0

Urinary bladder 21.0 16.7 17.6 5.2 4.3 5.0

Kidney 25.3 20.4 23.3 12.0 11.5 13.5

Brain 11.0 7.9 7.7 7.4 7.1 5.6

Leukemia 21.7 16.9 19.4 12.8 11.2 11.8

Late Stage
Breast 54.6 45.2 45.1

Prostate 34.5 31.4 33.8

Lung 58.2 59.6 83.3 41.9 36.9 50.7

Colorectal 36.9 35.4 42.1 28.3 28.3 32.3

Skin 6.4 5.5 5.6 4.7 3.2 3.1

Non-Hodgkins 20.2 18.8 17.9 15.5 13.1 15.6

Urinary bladder 5.7 4.4 5.4 1.4 1.4 1.9

Kidney 8.2 8.3 9.4 3.5 4.0 4.4

Brain 2.4 2.0 2.0 1.9 2.0 1.9

Leukemia 21.7 16.8 19.3 12.8 11.1 11.8

Source:	 Data are from Nebraska Cancer Registry; only invasive cancers are included. 
Note:	 Cancer sites are based on incidence from 10 most commonly diagnosed.
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where Mt is the expected ED visits in week t, which could expressed in rate or count. β1 and γ2 are 
annual sinusoidal and semiannual terms, respectively. For convenience, the SAS codes for OLS and 
log-rate models are included:

omega= (2* CONSTANT (‘PI’)) /52.18; omega2= (4* CONSTANT (‘PI’)) /52.18;
cos1=cos (omega*t); sin1=sin (omega*t);
cos2=cos (omega2*t); sin2=sin (omega2*t);

**Staring an OLS Serfling model**;

proc reg data=c;
/*C is a SAS dataset containing ILI rate, the numbers ILI & total ED 
visits by week*/
  model ILI_Rate=cos1 sin1 cos2 sin2 ;
  output out=c1 p=Pre_ILI_rate ; /*C1 is an output dataset containing the 
expected ILI rate as Pre_ILI */

** log-rate Serfling mode**l;
proc genmod data=c;
  model ILI_count=cos1 sin1 cos2 sin2 /dist=poisson offset=logtotal;
output out=c1 pred=pre_ILI_count;

In general, an OLS regression is easier for model interpretation than a log-rate model, while the 
latter has a more accurately predicted power. When sample size is large, the expected values from 
both models tend to be very close. As an example, we used data from January 1, 2005 to June 27, 
2010, weekly ED visits for in�uenza-like illness and modeled the expected rate. The observed and 
expected weekly ED visit curves are shown in Figure 7.2. Note that the expected visits were calcu-
lated from the expected rate in Equation 7.3. The highest observed rate happened in the third and 
fourth weeks of October 2009, which was the peak period of the H1N1 pandemic that year. If we 
want to calculate excessive morbidity for the 2-week period, we simply use the difference between 
the two curves, which was 3116.
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FIGURE 7.2  Observed and predicted in�uenza-like illness (ILI) ED visits in Nebraska from January 2005 
to June 2010.
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It is also possible to model local Ser�ing curves and identify regions that started epidemics 
earlier (Schanzer et al., 2011). Before modeling, one might want to conduct some exploratory 
analyses. Figure 7.3 displays the H1N1 �u season by local health departments. There are 20 
local health departments in Nebraska. Two local health departments in the northeast corner had 
too few cases, as the area is close to Sioux City, Iowa, and those affected tended to visit EDs 
there. From the �gure, the taller the bar is in the beginning period, the higher was the early 
incidence for the H1N1 in�uenza. It is evident that high rates started from Omaha, although 
the Central District Health Department, where Grand Island is located, also had a high rate in 
the beginning.

7.5.2 I NTErTEMPorAL TrENDS

In Section 7.5.1, we presented a method for seasonal trends based on a continued timescale. There 
are many other disease trends that may not cyclic in nature. Keeping track of cancer incidence is an 
important responsibility of a state cancer registry, but it is not always straightforward to compare 
rates over time, because screening program effects sometimes interact with secular trends, such as 
population aging. For example, we know that when a low-cost screening test is available, such as 
the prostrate-speci�c antigen (PSA) for prostate cancer, cancer incidence tends to increase and then 
gradually declines to a normal range. The increase is due to the introduction of the test, which cap-
tures some cancer at an early stage. Assuming that a cancer incidence rate is stable, when relatively 
more cases are captured in the early stage upon introduction of the test, there are fewer late-stage 
cases in the years after the introduction. In between, there should be a peak time for positively 
screened cases or incidence. One way to conduct surveillance among different racial groups is to 
have pre- and postdesigning of the introduction of the PSA screening and compare peak times using 
standardized incidence rates. In Nebraska, it was reported that the age-adjusted rate for Black men 
peaked a few years behind that for White men for prostate cancer, suggesting that although the PSA 
test might be available for all in the introduction period, Black men tended to use the test slightly 
later than White men did (NE-DHHS, 2011).

To calculate age-adjusted incidence, one would need to use an age-speci�c population. 
However, if we want to examine trends over 15+ years, adjusting each year for an age-speci�c 
population is taxing from the surveillance point of view. This task is also complicated by an SES-
speci�c population. If we use poverty as a measure of neighborhood SES, then we need to obtain 
an age-speci�c population in each poverty category. Such data may not be available each year. In 

FIGURE 7.3  Weekly H1N1 �u ED visit rate by local health department in Nebraska (August 10, 2009–
November 7, 2009).
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addition, when cancer cases are further divided by poverty level and age group, there might not 
be a suf�cient number of cases in each cell for calculating standard incidence rates. Furthermore, 
for researchers engaging in cancer screening surveillance or exploratory data analysis, data are 
often in an aggregated form, and it is not easy to go back and forth with several aggregated data 
requests. One simple adjustment is to use all other cancer cases to derive the normalized inci-
dence ratio, where a trend for a particular cancer site is relative to the trend from all other cancer 
sites, which is equal to 1. Suppose we are looking for a trend of 20 years of data for prostate can-
cer, during which the PSA test was introduced. Instead of using an age-speci�c at-risk population 
for incidence rate calculation, we can use all other cancer cases as a reference. If prostate cancer 
cases increase at the same rate as all other cancer sites, then the introduction of the PSA has little 
impact. In this case, the incidence ratio between prostate cancer and other cancers would remain 
constant. Since the incidence ratio is dependent on the magnitude of incidence, it is not easy for 
comparisons when a number of incidences are plotted. For this reason, we can normalize the 
incidence ratio by adjusting the two incidence distributions to a standard z-scale (with a mean set 
to zero).

	 1.	Calculate the frequencies for prostate cancer and all other cancers by years (e.g., 20 years).
	 2.	Calculate the standard z-score for each incidence (dividing each year’s incidence by the 

mean incidence over the study period). If a rate in a particular year is >1, then the inci-
dence in that year is greater than the average. If, on the other hand, the rate is <1, then the 
incidence in that year is below the average.

	 3.	Divide standard the z-scores for the prostate and reference cancers. This is the z-score ratio.
	 4.	Plot the z-scale incidence ratios by year. If the ratio is above 1, then it is above the average 

trend of all other sites. If it is below 1, then the incidence of the interest, or prostate cancer, 
has relatively declined compared to the reference group.

The z-scale ratio approach does not need the age adjusted by the reference group, as it assumes 
that age-speci�c cancer incidence rates for selected cancer sites follow a similar trend. Since the 
reference group is generally large enough, the ratio based on it generally re�ects the trend for the 
cancer site of interest.

Figure 7.4 is an example of z-scale incidence ratios for breast cancer, colorectal cancer, prostate 
cancer, and thyroid cancer relative to all other cancers (see Appendix 7A for the original data). In 
the other cancer group, we excluded skin cancer, as it not only increased rapidly since 1990, but 
also had sizable cases that may unduly cause an increased trend for all other cancers. Let’s focus on 
prostate cancer �rst. The PSA test was approved by the Food and Drug Administration (FDA) for 
the purpose of monitoring disease status in prostate cancer patients in 1986 and for aiding in the 
detection of prostate cancer in men 50 years and older in 1994. The use of the PSA test for prostate 
cancer screening started in 1988, causing a dramatic increase in prostate cancer incidence between 
1989 and 1992, which was captured by Surveillance, Epidemiology, and End Results (SEER) data 
(Legler et al., 1998). As one can see, the peak in Nebraska was in 1992, and the relative incidence 
(to other cancer sites) declined. There was a small increase in the relative incidence of prostate 
cancer in 1999 and 2000, which could be attributed to the 1994 FDA decision, because it takes time 
to trickle down from the approval to the screening process. From the �gure, we also observed a 
general decline in colorectal cancer relative incidence, an oscillating pattern in breast cancer, and a 
steady increase in thyroid cancer. We want to point out that if we had used an age-adjusted incidence 
rate instead, we would not have detected the above trends. Prior to 1995, especially in 1990–1992, 
the Nebraska Cancer Registry missed a hospital or two in each year of reporting. Consequently, 
the overall cancer incidence was relatively low for all cancer sites. However, since missing cases 
tend to be systematic, if the missing hospital did not report breast cancer cases, it also would not 
report other cancer cases. Hence, the z-scale incidence ratio is a quick way to conduct exploratory 
surveillance.
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7.5.3 P rE- AND PoST-ASSESSMENT

Pre- and postevent assessment is often used in the evaluation. Below is a simple example about 
the smoking ban effect in Omaha. On October 2, 2006, the city of Omaha passed smoking-free 
legislation that banned indoor smoking in businesses and government agencies citywide. To mea-
sure its effect, we compiled 6 years of data from BRFSS 2004–2009, with 3 years prelegislation 
(2004–2006) and 3 years postlegislation (2007–2009). The total unweighted sample was 17,672. We 
divided the sample into Omaha, or Douglas County, as the case, and counties adjacent to Omaha 
as the control. The adjacent counties include Cass, Dodge, Sarpy, and Washington. This design is 
necessary because Omaha respondents were exposed to the smoking ban after 2006, while respon-
dents from the adjacent counties were not directly exposed throughout the 6-year period. Since 
these counties are all part of Omaha metropolitan counties, respondents in these counties could be 
considered the same as those in Omaha in responding to other tobacco control campaigns.

Table 7.10 lists by geographic location the number of weighted observations for current smokers 
(with corresponding percentages in parentheses), the total numbers of respondents before and after 
the smoking ban, and the percent of change from pre- to postsmoking ban. A simple conclusion can 
be made from the upper panel: 17.49% of survey respondents were current smokers before the smok-
ing ban, and the percentage dropped to 14.28 after the smoking ban. Although evidence is strong, 
we may not be able to attribute the 18.35% drop in current smoking rate to the smoking ban because 
other tobacco control campaigns and unknown reasons may have contributed to the decline. From 
the lower panel of the table, we found a 15.92% drop in smoking rate after their neighbor, Douglas, 
banned smoking. It could be speculated that without the smoking ban, we could expect a 15.92% 
drop in the smoking rate in Omaha instead of the observed 18.35%. The difference between the 
two percentages of 2.43% (18.35 – 15.92) could be potentially attributed to the smoking ban. This 
method is often labeled the difference in differences in quasi-experimental designs.

We could test its signi�cance by using the chi-square test, but a simple logit model can also 
be set up, with the dependent variable being current smokers or not, and explanatory variables 
being adjacent county status, post- versus preban time periods. The Omaha-speci�c effect contrasts 
Omaha’s post- and preban periods while controlling for the two effects above. The results from 
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Table 7.11 showed that the odds ratio after the smoking ban for Omaha was 0.964 (95% CI = 0.943–
0.985). The smoking ban contributed to a 3.6% reduction in current smokers, given an overall 
trend of the decline of current smokers in the study area due to other reasons (OR = 0.815, 95% 
CI = 0.799–0.832).

7.6  CHAPTER SUMMARY

In this chapter, we introduced steps, measurements, and examples of how to conduct health dispar-
ity surveillance for cross-sectional and time series data. We stressed that disparity surveillance is 
observational, and it normally does not need to meet the standards of the experimental and cohort 
study designs. Different from a research study, disparity surveillance may not need a research ques-
tion to drive the study, but it does need a scope to frame surveillance questions.

We introduced a list of measurements by examples. They included rate, relative rate, odds ratio, 
and rate ratio. We also introduced a log-rate model in the context of Poisson regression, Sur�ing 
regression for cyclic effects, and a quasi-experimental design for pre-and post-Omaha smoking 
ban effects. Although we tried to cover as much as possible, we could not cover all statistical and 
practical measures for health disparity surveillance, and our hopes were to introduce other neces-
sary concepts in later chapters as we go through each health disparity surveillance dimension and 
case study.

TABLE 7.11
Odds Ratio Estimates for Omaha Smoking Ban in 2006

OR 95% CI: Low 95% CI: Up

Adjacent counties vs. Omaha 0.908 0.898 0.919

Post- vs. presmoking ban 0.815 0.799 0.832

Omaha postban effect 0.964 0.943 0.985

Source: Data were based on 2004–2009 BRFSS in Nebraska.

TABLE 7.10
Impact of Omaha Smoking Ban in 2006

Current Smoker % Change Total N

Omaha
Presmoking ban 117,417 (17.49) 671,393

Postsmoking ban 104,260 (14.28) 18.35 730,182

Total 221,677 (16.36) 1,401,579

Counties Adjacent to Omaha
Presmoking ban 19,558 (16.14) 101,603

Postsmoking ban 15,823 (13.57) 15.92 116,642

Total 35,381 (15.3) 202,422

Source:	 Data were based on 2004–2009 BRFSS.
Note:	 Presmoking ban, weighted BRFSS 2004–2006; postsmoking 

ban, weighted BRFSS 2007–2009. Counties adjacent to Omaha 
include Sarpy, Cass, Dodge, and Washington.
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APPENDIX 7A: CANCER CASES FOR SELECTED CANCER SITES IN FIGURE 7.4

Year Breast Colorectal Prostate Thyroid Skin Other Sites

1990 1118 1084 1156 79 185 3866

1991 1198 1078 1341 68 191 3936

1992 1208 1018 1657 101 185 3955

1993 1254 1029 1522 70 177 3870

1994 1285 1056 1285 91 192 3956

1995 1296 1005 1223 87 307 4246

1996 1305 1077 1216 96 303 4277

1997 1388 1119 1189 107 362 4464

1998 1506 1133 1226 113 321 4517

1999 1478 1176 1398 106 363 4519

2000 1552 1202 1378 117 377 4561

2001 1610 1151 1266 134 397 4682

2002 1609 1122 1277 166 460 4773

2003 1452 1147 1263 156 409 4791

2004 1499 1084 1269 180 460 5047

2005 1466 1175 1332 199 475 5138

2006 1550 1123 1365 215 495 5186

2007 1449 1116 1456 224 504 5411

2008 1656 1057 1274 237 515 5286

2009 1590 967 1135 261 544 5171

2010 1509 952 1239 250 569 5409

2011 1589 923 1209 243 645 5298

Note:	 Cancer cases were from Nebraska residents. Other sites exclude skin 
cancer.
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8 SES Disparities in 
Hospitalization

8.1  INTRODUCTION

Most administrative data, such as registry and hospital discharge data (HDD), do not have income 
or education variables. Some datasets have socioeconomic status (SES) (e.g., occupation) and race 
variables, but they are often not usable because of poor data qualities, such as a large number 
of missing values. A case in point is the Nebraska HDD, which lack income variables and have 
unusable race and ethnicity variables due to missing values. Using the Nebraska HDD to con-
duct disparity assessments means adding SES variables through data linkage. In this chapter, we 
use different measures—such as incidence of major diseases, procedures, readmission, and 1-year 
out-of-hospital mortality—to conduct SES-based surveillance. We emphasize practical steps and 
considerations in constructing and presenting SES gradients around those measures. Our assess-
ments are based on surveillance principles for chronic diseases, in which time was not as sensitive 
as it is for communicable diseases. Major steps of the surveillance include data collection and 
continued data updates, data improvements, data analysis of selected diseases, and in our case 
relating to SES, disparity detection and result dissemination. Normally, after disseminating results, 
we expect some public health actions to reduce disparities in in-depth data analysis, controlling for 
further disparity assessments.

We intend to conduct hospitalization disparity assessments in Chapters 9 through 12 based on 
neighborhood SES variables and hospital claims data. A number of studies using neighborhood 
SES gradients and hospital claims data to assess hospitalization disparities have been conducted. 
One of the earliest studies in the United States compared hospitalizations due to ASSCs between 
high- and low-SES neighborhoods in New York City (Billings et al., 1993). If a zip code had <17.5% 
of households with an income below $15,000, then it was in a high-income area. If a zip code had 
more than 60% of households with an income below $15,000, then it was in a low-income area. 
The study found higher standardized hospitalization rates in low-income areas than in the com-
parison group. Although the zip code area unit has been used quite often in both the United States 
and Canada (Lin et al., 1999; Trachtenberg et al., 2014), it suffers some criticism of not represent-
ing neighborhood SESs (Krieger et al., 2002). Studies using census enumeration areas to present 
neighborhood SESs have been done mostly in Canada. An early study using the Ontario Diabetes 
Database (ODD) found that patients in the lowest-income quintile were 43% more likely to have 
a hospital admission than those in the highest quintile, and they also had a greater likelihood of 
readmissions (Booth and Hux, 2003). The income quintiles in the study were based on Canadian 
census enumeration areas, which had an average population of 700, and hence are close to the U.S. 
census blocks in population size. A more comprehensive study (Roos et al., 2005) was conducted in 
Manitoba that examined association between neighborhood income and visits to physician of�ces 
and hospitals due to ambulatory care sensitive conditions (ACSCs). The study also used the quintile 
classi�cation of the enumeration area, and the at-risk population is based on the registered residence 
in the provincial health plan. The study found that both visits had an SES gradient, with residents 
of the lowest-income neighborhoods having the highest rates. Many other studies have individu-
ally associated acute myocardial infarction (AMI), asthma, cystic �brosis, in�uenza, and kidney 
disease with neighborhood SES gradients (Alter et al., 1999; Lin et al., 1999; Stephenson et al., 
2011; Yousey-Hindes and Hadler, 2011). Our surveillance approach broadens neighborhood SES 
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analysis by (1) including a set of diseases or conditions rather than a single disease or condition and 
(2) assessing a host of hospitalization outcomes.

In the United States, there has been no study at the state level using census tract SES to examine 
hospitalization disparity. For this reason, this chapter serves as a methodological introduction to set 
out an analytical framework using census tract SES variables and baseline estimates. In this way, we 
do not have to elaborate the procedure of acquiring census tract–level information. In the remain-
ing parts of the chapter, we �rst introduce our approach to conducting disparity surveillance using 
the census tract poverty variable—the percent of people living under the federal poverty line. We 
then separately assess the differences in hospital-based comorbidity, procedure utilization, hospital 
readmission, and 1-year mortality. Finally, we provide some concluding remarks.

8.2 � ANALYTICAL APPROACH TO NEIGHBORHOOD 
SES DISPARITY ASSESSMENTS

It is known that income is positively related to health at the population level. However, at a certain 
point, even with rising income, population health may not be further improved markedly without 
tackling health disparities. To some degree, the income level in the United States is already very 
high compared to that of most countries. It might be that further improvement in population health 
would be more effective if we could identify soft spots of health disparities, by which we mean 
diseases or health conditions that have a wide disparity gap with a relatively great number of cases. 
In addition, even with rising income, it would be extremely hard to remove income disparities in 
medium terms, such as 10–20 years. Monitoring SES-based health disparities would be helpful to 
establish baseline indicators for eliminating health disparities.

In the absence of income-based SES measures, most previous health disparity studies using 
HDD have used insurance information as a proxy measure of SES, because the variable is readily 
available. It is very taxing to derive SES variables at the neighborhood level because of the amount 
of geocoding. We geocoded patient addresses and assigned them to a census tract. Afterwards, we 
linked census tract poverty status to each patient. Our work was made a little easier because we built 
a master address index during the process of geocoding (see Chapter 6). We �rst standardized each 
patient’s address according to the U.S. post of�ce standard. We then deduplicated addresses for the 
2005–2008 HDD, resulting in about 561,000 unique addresses from the patient records. Since each 
unique address is indexed to a patient, and patients are also indexed, we can �nd patient mobil-
ity information easily. If a patient moved once, he or she would have two unique addresses. If the 
patient moved three times, and the last address is the same as the �rst, he or should would still have 
two unique addresses. If a patient is repeatedly hospitalized from one address, that address would 
be the unique address. Hence, once patients’ addresses are geocoded, they can be used for more 
purposes than just getting neighborhood SES variables.

Hospital-based health care utilization is likely to follow an SES gradient. Poorer individuals 
have poorer health status, which in turn leads to greater need for health care. This relationship 
is exacerbated in hospital-based care due to limited access to primary care resources. In other 
words, in spite of their greater need for it, poor individuals employ less ambulatory care than 
well-off individuals due to the lack of good health insurance, time, and purchasing power. It is 
therefore necessary to control for differences in need when measuring disparities in health care 
utilization. Health economists often use horizontal equity to describe medical ethics: equal health 
conditions (from different individuals) should lead to equal treatment (van Doorslaer et al., 2000; 
Wagstaff et al., 1991). However, other than age and sex, administrative data rarely have an indica-
tor of medical care need. We therefore cannot really evaluate horizontal equity. We will revisit 
how to control for medical care need in later chapters. For the same reason (lack of need indica-
tors), we cannot evaluate vertical equity—appropriate (different) treatments of different needs. 
In this regard, disparity in health care utilization at the population level should not be interpreted 
as “the more utilization, the better off,” because no one would like to be hospitalized if he or she 
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had a better choice. Rather, we view health care utilization in general as a burden on states, cities, 
and neighborhoods.

In the context of SES disparity surveillance, we did not aim at any speci�c disease. We used the 
poverty status as the SES indicator to survey diseases based on their prevalence. Since most com-
monly used diagnoses for admissions represent more prevalent diseases, we relied on the National 
Health Statistics for 2010 to provide a ranking by principal diagnosis category for number of dis-
charges (Pfuntner et al., 2013a). Appendix 8A lists the top 50 discharges by the principal diagnoses, 
and these International Classi�cation of Diseases, Ninth (ICD-9) diagnosis codes can be extracted 
from the Clinical Classi�cation Software (CCS). We selected about 40 diagnoses by removing some 
diagnoses that either were related to giving birth or had too few cases in Nebraska.

Once a set of diseases was selected, the next step was choosing a proper method. There were a 
number of issues, some conceptual and some practical. First, should we treat 7 years of statewide 
data from 2005 to 2013 as a sample or as a population? The Nebraska HDD cover all nonfed-
eral hospitals in Nebraska; only veteran hospitals are not included. We treat the HDD as a sample 
because we think 7 years of data were selected from a sample of more than years, and 40 comorbidi-
ties were selected from more than a hundred of them. Second, we had to consider how to compare 
health outcomes by a number of poverty groups when facing 40 diagnosis groups. To compare hos-
pitalization disparities by neighborhood poverty levels, hospitalization data alone are not suf�cient, 
because a high frequency of total hospitalization within an SES category could be due to variation 
in the at-risk population. Assuming that the total hospitalization follows the population distribution 
of poverty status, we could compare a particular disease as the proportion of total hospitalization. 
However, if the total hospitalization had an SES gradient, we would not be able to detect disparities 
in many disease incidences. For this reason, we added the at-risk population, and we treated hospi-
talized patients as incidence, with the at-risk population being the total civilian population.

For the numerators, we wanted to survey comorbidities to gauge the frequency of a particular 
disease or condition according to neighborhood poverty. Ideally, we should include both physi-
cian visits and hospitalizations to represent neighborhood disease incidences, similar to Roos et al. 
(2005). However, we only had access to hospital claims data, so the rate calculated would represent 
more severe conditions and be restrictive to hospitalized patients. Since it’s dif�cult for humans to 
inspect or detect a large number of rates, odds ratio provided a uniform framework for comparison. 
A natural choice was the log-rate model or Poisson regression, with the offset being the log of the 
neighborhood population by age and sex. Another distinction is that we were interested in incidence 
of hospital stays rather than the reason for hospitalization. We screened comorbidities based on nine 
diagnosis codes for each patient because it is the common denominator for all the available years 
in terms of number of diagnosis codes listed for each patient. In our preliminary analysis of cardio-
vascular disease (CVD) data, we found that 9 diagnosis codes would cover 98% of CVD patients, 
assuming that 25 diagnosis codes cover 100%. Finally, calculation of disease-speci�c odds ratios 
includes all hospitalizations without distinguishing if they are multiple or not. This is common in 
many hospital-based studies (Goodman et al., 1997). Although the primary reason for record-based 
study was the lack of patient-level identi�cation, a major policy implication is that each hospitaliza-
tion places an additional burden on society, and we wanted to know how hospitalizations are distrib-
uted in addition to how hospital patients are distributed. The latter will be discussed in Chapter 9.

For the at-risk population, we downloaded the American Community Survey (ACS) data for 
2007–2011 (ACS summary table B17001), which has the poverty rate per capita for each census 
tract, together with the at-risk population. For surveillance, this table provides one-stop download-
ing that can determine both poverty and the at-risk population. Two caveats exist, however: (1) the 
top age group is 75+, which may not be suf�cient for some diseases, such as stroke, and (2) ACS 
data are not census data, so the age- and sex-speci�c population at the census tract level may not 
be as certain as that of the decennial census. However, since our interest is a group of census tracts 
sharing a similar poverty status, rather than a particular census tract, the uncertainty is almost neg-
ligible after aggregation. With the focus of chronic diseases, it is necessary to group some younger 
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age groups together. A preliminary analysis suggested that some diseases had few cases in young 
age groups, such as ages 15–24 or 25–34; we therefore grouped all those aged 34 and below as a 
single group. Therefore, the six age groups are <35, 35–44, 45–54, 55–64, 65–74, and 75+. These 
six age groups together with two sex groups serve as controls, and they are cross-tabulated with �ve 
poverty categories (<5%, 5%–10%, 10%–15%, 15%–20%, 20+%) in a three-way table. Our main 
effect log-rate model can then be speci�ed as

 log Disease Age Sex Poverty Offset log of populationx( )( ) = + + + ( )  (8.1)

where disease x represents a selected disease, such as diabetes, by age–sex and poverty in a 6 × 2 × 5 
three-way format. x’s are from 1 to 40, and we used D1 to D40 to represent disease names, so that 
computer codes could be programed more ef�ciently.

To summarize, we assessed the age- and sex-adjusted odds ratio by poverty levels with the 
following steps:

	 1.	Geocoding hospital data and assigning census tract codes to each patient, which we named 
TractFips.

	 2.	Downloading ASC poverty together with population data from American FactFinder, 
keeping the GeoID2 variable and renaming it TractFips, and then checking to make sure 
the summary level was 140 (census tract level).

	 3.	Linking patient data to population data to obtain poverty-level information. (The link ID 
is TractFips.)

	 4.	Aggregating ASC data by age groups, sex, and poverty level. (It is a three-way cross-
tabulation with six age groups, two sex categories, and �ve poverty levels in percent, 
representing the at-risk population �le.)

	 5.	Selecting a disease or a set of diseases and aggregating them to frequencies according 
to age–sex and poverty level. This is the case �le. (In our dataset, it was based on ICD-9 
codes from diagnoses 1–9.)

	 6.	Merging the at-risk population �le from step 4 to the case �le from step 5.
	 7.	Performing a log-rate model analysis for each selected disease or condition to detect sig-

ni�cant odds ratios, using a low-poverty neighborhood as the reference group.
	 8.	Organizing results for reporting. (The interpretation of an odds ratio for comorbidity has 

a number of implications, and we used, for example, poverty level 2 vs. poverty level 1 for 
diabetes.)

8.3  SURVEILLANCE RESULTS

8.3.1 SES  DISPArITIES IN CoMorBIDITIES

Table 8.1 presents age- and sex-adjusted odds ratios from each output of the log-rate model shown 
in each row. Only poverty contrasts are shown, because age groups and sex were used as controls. 
Note that our aim was to survey comorbidities from each hospitalization, and select 39 of the 50 
most frequent principal diagnoses for inpatient admission. We used the term comorbidity to distin-
guish it from the principal diagnosis, because we searched all nine diagnoses to �nd a particular 
condition. In addition, we included overall hospitalization (the �rst) and ACSCs (AHRQ, 2007) that 
include many diseases on the list, such as diabetes, hypertension, congestive, heart failure, angina 
without procedure, asthma, bacterial pneumonia, and urinary infections. There were a total of 164 
odds ratios in reference to 41 diseases from low-poverty neighborhoods. If an odds ratio is >1, then 
it is more likely to happen. For example, let’s examine the odds ratio of 1.53 of congestive heart 
failure (CHF) from poverty group 5 (>20%). Patients from the highest-poverty neighborhood group 
were 53 times more likely to have CHF admissions than those from low-poverty neighborhoods 
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TABLE 8.1
Age- and Sex-Adjusted Odds Ratios for Each Selected Comorbidity Model

Disease ID Diseases and Conditions Pvt2 vs. 1 Pvt3 vs. 1 Pvt4 vs. 1 Pvt5 vs. 1

0 Overall hospitalization 1.11 1.14 1.25 1.37

1 Pneumonia 1.21 1.34 1.52 1.55

2 Osteoarthritis 1.04 1.03 1.09 —

3 CHF 1.11 1.18 1.40 1.53

4 Septicemia (except in labor) — — 1.25 1.48

5 Mood disorders 1.20 1.28 1.55 1.92

6 Cardiac dysrhythmias 1.01 1.02 1.10 1.16

7 COPD and bronchiectasis 1.19 1.34 1.62 1.86

8 Back pain 1.06 1.14 1.16 1.28

9 Skin and subcutaneous tissue infections 1.14 1.23 1.44 1.77

10 Coronary atherosclerosis 1.15 1.15 1.28 1.31

11 Urinary tract infections 1.08 1.12 1.35 1.51

12 Nonspeci�c chest pain 1.33 1.47 1.49 2.01

13 AMI 1.09 1.13 1.22 1.37

14 Acute cerebrovascular disease 1.05 1.06 1.19 1.46

15 Diabetes mellitus with complications 1.17 1.29 1.57 2.30

16 Biliary tract disease 1.14 1.21 1.26 1.32

17 Fluid and electrolyte disorders 1.05 1.10 1.31 1.51

18 Asthma 1.13 1.27 1.53 2.10

19 Schizophrenia and other psychotic disorders 1.55 2.09 3.07 5.57

20 Acute and unspeci�ed renal failure 0.94 0.90 1.21 1.65

21 Respiratory failure, insuf�ciency — 1.09 1.39 1.80

22 Gastrointestinal hemorrhage 1.11 1.18 1.43 1.53

23 Intestinal obstruction without hernia 1.07 1.08 1.25 1.22

24 Pancreatic disorders 1.18 1.27 1.49 1.94

25 Diverticulosis and diverticulitis 0.93 — 1.10 —

26 Hip fracture 1.07 1.10 1.12 1.11

27 Epilepsy, convulsions 1.32 1.50 1.82 2.24

28 Appendicitis and appendiceal conditions 1.11 1.14 — 1.11

29 Alcohol-related disorders 1.36 1.53 1.95 3.28

30 Fracture of lower limb 1.21 1.18 1.32 1.52

31 Other nervous system disorders 1.05 1.12 1.22 1.47

32 Syncope — — 1.14 1.20

33 Substance-related disorders 1.31 1.47 2.09 3.74

34 Intracranial injury 1.13 1.12 1.37 1.61

35 Hypertension with complications — — 1.27 1.84

36 Other fractures 1.09 1.10 1.10 1.17

37 Intestinal infection 1.07 1.07 1.22 1.27

38 Secondary malignancies — — 1.05 1.14

39 Anemia 1.06 1.08 1.29 1.55

40 ACSCs 1.15 1.23 1.44 1.69

Note:	 —, not signi�cant; all others are signi�cant. Except ACSCs, all selected diseases are based on the top 50 discharges, 
excluding labor and related complications. Pvt, poverty level, all in odds ratios. Pvt2 vs. 1, census tracts with >5% 
and ≤10% people under vs. <5% under the poverty level; pvt3 vs. 1, census tracts with >10% and ≤15% people under 
vs. <5% under the poverty level; pvt4 vs. 1, census tracts with >15% and ≤20% people under vs. <5% under the 
poverty level; pvt5 vs. 1, census tracts with >20% vs. <5% under the poverty level.
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(controlling for age and sex). Even though it is the most straightforward interpretation, we need to 
point out that the unit of analysis is incidence rather than admitted patients. Sometimes, an odds 
ratio of >1 does not necessarily mean people from a high-poverty group are more likely to have 
heart failure, because a patient can be hospitalized multiple times. If the high-poverty group had a 
lot more repeated hospital visits than the low-poverty group, then the odds ratio would still be >1, 
even though each group had an identical number of patients with CHF. In general, we assume that 
patients from neighborhoods with different poverty levels had similar numbers of repeated hospi-
talizations, and that the above interpretation is not that far off.

Among the 164 odds ratios estimated from 41 models, 151 were signi�cant. In general, they 
showed a general gradient. The poorer the neighborhood the patients were from, the more common 
was each health condition. The 12 diagnoses with the steepest gradients were schizophrenia and 
other psychotic disorders, substance-related disorders, alcohol-related disorders, diabetes mellitus 
with complications, epilepsy, convulsions, asthma, nonspeci�c chest pain, pancreatic disorders, 
mood disorders, chronic obstructive pulmonary disease (COPD), and bronchiectasis. Upon further 
inspection, we found mental health–related diagnoses dominant among the 10. In a real surveil-
lance system, these results could either be presented in graphics or ranked by the magnitude of 
odds ratios. If we did the ranking, we would pick schizophrenia and other psychotic disorders (no. 
19), substance-related disorders (no. 33), and alcohol-related disorders (no. 29). We could then iden-
tify some high-incidence neighborhoods and refer them to intervention specialists for public health 
interventions that may reduce these hospitalizations. Finally, conditions contributing to ACSCs had 
a strong relationship with neighborhood SES. The odds were 1.69 times higher for those from high-
poverty neighborhoods than for those from low-poverty neighborhoods.

Two diseases or conditions, acute and unspeci�ed renal failure (no. 20) and diverticulosis (no. 
25), had some inconsistent odds ratios. For renal failure, patients from poverty levels 2 and 3 were 
about 6% and 10%, respectively, less likely to be seen in hospital admissions, whereas patients from 
poverty groups 4 and 5 were 21% and 65%, respectively, more likely to be seen. Diverticulosis is a 
condition when pouches form in the wall of the colon, and it was often diagnosed while performing 
a colonoscopy. Those in poverty group 2 were 7% less likely than those in poverty group 1 to have 
diverticulosis, while those from poverty group 3 were 10% more likely. This could simply re�ect 
a temporary trend that relates to the popularity of colonoscopy among different neighborhoods. 
Finally, compared to low-poverty neighborhoods, people from poor neighborhoods are injured more 
often, perhaps due to violence and accidents.

Although surveillance is not intended to offer explanations, some insights can be gained. It seems 
that chronic conditions (e.g., back pain, diabetes, heart disease, and COPD) affecting physical well-
being along the poverty strata are related to commonly reported psychological symptoms. Common 
sense suggests that back pain (often caused by arthritis, osteoporosis, or other chronic pain–related 
illnesses) would deprive sleep, alter mood, and increase anxiety, which in turn can cause mental 
illness. Several studies have linked the experience of chronic pain and the degree of anxiety in pain 
(Hadjistavropoulos et al., 2002). However, the link along the SES is not clearly understood. Our 
�ndings are cross-sectional: psychological or mental health conditions had greater SES gradients 
than the traditional chronic diseases as far as hospitalization was concerned.

8.3.2 SES  DISPArITIES IN HoSPITAL ProCEDUrE UTILIZATIoN

Theoretically, a hospital should provide appropriate treatment to all patients regardless of ability 
to pay. Physicians are trained to provide the most appropriate care to everyone and are normally 
shielded from insurance and other information when treating patients. However, due to various 
reasons, the same diseases and conditions may result in different treatments for those with relatively 
high and those with relatively low SES. Public health practitioners concerned about health care out-
comes need to assess potential disparities in treatment procedures as they bridge disease conditions 
and health care outcomes such as readmissions and mortality.
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In the “Unequal Treatment” report, the Institute of Medicine (2003) highlighted substantial 
treatment disparities and recommended better data collections by race and ethnicity and SES. In 
this subsection, we tried to use the enhanced HDD to assess major hospital procedures along the 
SES dimension.

We realize that treatment is highly individualized for both physicians and patients, and hospi-
tal procedure disparities do necessarily mean treatment disparities. Two patients with an identical 
principal diagnosis for hospital admission may end up with different treatments, which cannot be 
answered without a chart review or real-time peer-physician diagnosis. In addition, the lack of health 
insurance inhibits access to preventive care, timely diagnosis, and treatment, which may result in 
different treatment options later on. The hospital data for the current study were collected prior to 
the Affordable Care Act, which provides insurance for almost all Americans. Hence, by looking at 
HDD alone, it is dif�cult to say if a treatment is appropriate or not. Nevertheless, when a sample is 
large enough to represent almost the entire hospital population of a state, some procedure disparity 
detections are possible. For example, if osteoporosis is more common in high-poverty neighbor-
hoods than in low-poverty neighborhoods, then the need for hip and knee replacement operations 
should be higher in high-poverty areas. However, if lower rates are observed in high-need areas, 
then patients in high-poverty areas are disadvantaged. The Dartmouth Atlas has provided many 
excellent examples of hospital-based treatment variation by health regions in the United States. 
Since different regions present different levels of SES and health care resources, SES disparities in 
hospital procedures are implicit in many Dartmouth studies. In the United Kingdom, health equity 
audits prove effective for local health authorities (DH, 2008). In the absence of established indica-
tors, we opted to use procedure volume as the criterion for procedure selection and selected the top 
20 procedures (Pfuntner et al., 2013b).

All the steps in disease surveillance above should be applicable to procedure surveillance. We 
only need to replace “disease” in step 5 with “procedure.” Table 8.2 presents results in odds ratios 
for procedure surveillance. With some exceptions, the clear SES gradients evident in comorbidity 
(Table 8.1) are not obvious in procedures. For example, prophylactic vaccination and inoculation 
are often needed against in�uenza, and such a procedure could be administered in an ambulatory 
setting. However, it was much more common for patients in poorer neighborhoods to get this proce-
dure than for patients in neighborhoods with <5% of its population under the poverty level. COPD 
is another condition poor patients suffered disproportionally more from it, and the procedure often 
needed in emergency situations is respiratory intubation and mechanical ventilation. The SES gra-
dients for this procedure mirrored the COPD gradients in Table 8.1.

However, there are also some reversals. Hip and knee replacements are more likely for patients 
from well-off neighborhoods than those from poor neighborhoods. Some procedures have to be 
interpreted with caution, though. For instance, colonoscopies and biopsies that detect colorectal 
cancer had a positive relationship (odds ratios >1) in the poorest census tracts (>20%), which was 
inconsistent with �ndings from a national study, which showed an inverse relationship between the 
use of colonoscopy and poverty (Steele et al., 2013). The inconsistency might be due to other rea-
sons, such as missing freestanding ambulatory surgery centers from the calculation.

Without further controls, it is hard to interpret SES differences in the procedures performed. 
Nevertheless, the wide range of odds ratios highlight the importance of documenting procedures 
along the SES dimension.

8.3.3 SES  DISPArITIES IN HoSPITAL READMISSIoN SUrVEILLANCE

Hospital readmissions cost billions each year to the U.S. economy, and reducing their number is 
a key strategy for improving the quality of health care and lowering associated costs. The Patient 
Protection and Affordable Care Act outlines the hospital readmission reduction program that limits 
payments to hospitals with excessive Medicare readmissions. The National Quality Strategy and the 
Partnership for Patients initiative includes reduction in readmissions as a national goal. To develop 
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effective readmission prevention strategies, it is necessary to establish some baseline rates and 
identify gaps by SES, among risk factors.

Hospital readmissions are de�ned as multiple inpatient stays by the same patient within a time 
period, most often in 30 days. In this de�nition, the readmission can be for any reason—not nec-
essarily for the same diagnosis. Readmission surveillance by hospital is routinely conducted by 
the Centers for Medicare and Medicaid Services (CMS), which is tasked to reduce payments to 
hospitals with excessive readmissions of Medicare patients. The number of hospital readmissions 
has always been an important quality indicator of hospital care. The National Quality Strategy and 
the Partnership for Patients initiative actively tracks readmissions at a national level. The Patient 
Protection and Affordable Care Act also stipulates a hospital readmission reduction program that 
cuts payments to hospitals with excessive Medicare readmissions. Although state public health pro-
grams do not conduct readmission surveillance, it does belong to the realm of public health service 
surveillance.

Recent debate about the in�uence of SES in hospital readmissions highlights the importance of 
the care continuum from hospital-based care to community-based care. At its core is whether the 
SES of an individual patient and the community has an impact on readmission beyond the control 
of hospital care providers. Currently, CMS surveillance on hospital readmission does not consider 
SES. It is argued that SES differences in readmission could be eliminated if the quality of care 

TABLE 8.2
Odds Ratios of Most Frequently Performed Procedures by Neighborhood Poverty Status

 Pvt2 vs. 1 Pvt3 vs. 1 Pvt4 vs. 1 Pvt5 vs. 1

Blood transfusion 1.08* 1.23* 1.37* 1.62*

Prophylactic vaccinations and inoculations 1.24* 1.46* 1.58* 3.33*

Respiratory intubation and mechanical ventilation 1.05* 1.11* 1.39* 2.12*

Colorectal resection 0.95 0.94* 0.98 0.94

Open reduction of fracture 1.13* 1.1* 1.24* 1.29*

Cardiac catheterization and coronary arteriography 1.21* 1.21* 1.26* 1.59*

Upper gastrointestinal endoscopy, biopsy 0.99 1.04 1.24* 1.47*

Thyroid or parathyroid surgery or both 1.25* 1.44* 1.29* 1.19

Abdominal paracentesis 1* 0.92* 1.2 1.66

Hemodialysis 1.09 0.97 1.63* 3.22*

Echocardiogram 0.99 1.05 1.36* 1.49*

CABG 1.06 1.07 1.06 0.95

Arthroplasty knee 1.06* 0.97 0.99 0.86*

Enteral and parenteral nutrition 0.78* 0.8* 1.14* 1.46*

Percutaneous transluminal coronary angioplasty (PTCA) 1.08* 1 1.1* 1.08*

Colonoscopy and biopsy 0.89* 0.85* 1.04 1.16*

Laminectomy, excision intervertebral 0.94* 0.84* 0.84* 0.81*

Spinal fusion 0.94* 0.99 0.95 0.82*

Incision of pleura, thoracentesis, chest drainage 0.95* 0.94* 1.11* 1.16*

Hip replacement, total and partial 1.01 0.95* 0.97 0.82*

Note:	 Pvt, poverty level, all in odds ratios. All selected procedures are based on volumes for hospital admissions by exclud-
ing those due to labor. Pvt2 vs. 1, odds ratios for neighborhood poverty rate in 5%–10% group vs. <5% group; pvt3 
vs. 1, odds ratios for neighborhood poverty rate in 10%–15% group vs. <5% group; pvt4 vs. 1, odds ratios for neigh-
borhood poverty rate in 15%–20% group vs. <5% group; pvt5 vs. 1, odds ratios for neighborhood poverty rate in 
20+% group vs. <5% group.

*Signi�cant at p < 0.05.
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by SES is the same. If hospitals have different standards of care according to patient SES (e.g., 
lower standards for socioeconomically disadvantaged populations), then it should be prevented and 
corrected.

One correction method is hospital payment reforms. However, an expert panel convened by the 
National Quality Forum (NQF) recommended that sociodemographic factors be included in risk 
adjustment of the hospital performance score. This view is based on empirical evidence that hos-
pital care is only one component of the hospital treatment continuum. SES factors predisposed at 
the hospitalization also determine hospital outcomes, such as readmission. In other words, the same 
quality of care may produce different readmission outcomes if a patient experiences a lack of social 
support at home or in the community. Given that hospital treatment is comparable, it might be even 
more important for community-based care, such as from a spouse and family members who may 
have different resources and levels of health literacy. Since community intervention is traditionally 
in the public health domain, detecting which diseases have high readmissions along SES can be 
rightly justi�ed under public health practice, so that practitioners can assist community-based social 
support programs for after-hospital care.

However, there is no uniform way of calculating readmissions, especially for surveillance pur-
poses. According to the Healthcare Cost and Utilization Project (HCUP) report (Barrett et al., 
2012), there are 12 existing measures of readmission, and we list those that use administrative 
inpatient data. The Agency for Healthcare Research and Quality (AHRQ) provides a general 30-day 
readmission measure, while the CMS provides four all-cause readmissions following hospitaliza-
tions for (1) AMI, (2) heart failure, (3) pneumonia, and (4) hospital-wide readmissions, and some 
of these measures also use outpatient data. There are also readmissions following elective total hip 
(THA) or total knee (TKA) arthroplasty and percutaneous coronary intervention (PCI). In addition, 
the 3M Health Information System provides the 3M™ potentially preventable readmission measure 
(part of proprietary software to calculate hospital readmission rates), the National Cancer Institute 
(NCI) has a readmission measure for end-of-life cancer patients, and the National Committee on 
Quality Assurance (NCQA) provides a plan-level readmission measure.

Based on a review of the above measures, we developed an operational de�nition for readmis-
sion. The analysis is at the individual level in that a readmission is only captured once for each 
patient who only seeks the indexed hospital care for one reason. However, since every hospital 
stay is counted as a separate index admission, if a patient was treated for diabetes for one hospital 
stay and heart failure for another stay 6 months later, the patient can be counted multiple times for 
readmission. (One is indexed by diabetes, and the other by heart failure.) The index admission is 
the basis for the denominator. We used inpatient admissions for patients discharged alive. However, 
since our data covered 7 years, there could be multiple discharges, and we needed to decide which 
hospitalization event to index or be the reference. We selected the most recent hospital admission 
and searched for the most recent discharge within 30 days of the admission as the index admission 
for the same patient. This practice follows the HCUP measure, allowing a hospitalization to be 
counted as both an index and a readmission. If there was no discharge within 30 days, then the last 
admission was the index admission. In this way, we captured the last readmission from the duration 
of 2005–2011.

In addition, most readmission measures have some risk adjustments. A common adjustment 
includes disease-speci�c control for clinical condition (e.g., comorbidities and severity of illness), 
and it is quite complicated without clinician-level knowledge. The CMS uses outpatient data to 
index admission for some heart disease procedures, but outpatient data are often not available for 
public health practitioners. We opted not to use outpatient data, even though they have already been 
integrated with inpatient data. Common to all is the adjustment by age and sex, which is adopted 
in the following analysis. In some academic studies, SES is adjusted or controlled. Since our sur-
veillance is along the SES, we use poverty level 5 explicitly. Similar to HCUP, no attempt was 
made to remove from the surveillance analysis some readmissions that may have been planned or 
unavoidable.
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Finally, we also needed to select a set of diseases for readmission surveillance. We primarily 
used the list of diseases from Table 8.1 based on the primary and secondary diagnoses. In addition, 
we added two conditions from the HCUP readmission report that are not in the table: complica-
tion of device and complications of surgical procedures. We listed the diseases the same way as in 
Table 8.1, and used the following procedure to generate readmission indicator:

	 1.	Select diseases based on the primary diagnosis from the HDD �le and create an indicator 
variable (1 = yes, 2 = no); repeat this step until �nished with all the selected diseases, and 
save the �le as File A.

	 2.	Sort File A by master patient ID and admission date.
	 3.	Create an admission index (ad) for each patient if it is his or her �rst admission; then ad = 1 

for the �rst admission, ad = 2 for the second admission, and so on.
	 4.	Generate a diagnosis-speci�c readmission indicator.
	 a.	 Select a diagnosis indicator of 1 and search for the second admission. If the patient 

was only admitted once, select the record as the index event; otherwise, select the �rst 
diagnosis-speci�c admission record as the indexed event.

	 b.	 Create an admission duration variable from the index event to the ad + 1 event.
	 c.	 If the duration between the index event and index + 1 event is ≤30 days, then 30-day 

admission = 1; else, 30-day admission = 0.
	 d.	 Delete all ad+ events.
	 e.	 Name and save the diagnosis-speci�c readmission �le.
	 f.	 Repeat the above steps for all selected diseases.
	 5.	Generate model-based readmission estimates using a logistic regression. The dependent 

variable is whether the patient was readmitted; independent variables include age, sex, and 
poverty level. Model outputs can be restricted to poverty-based contrasts, because age and 
sex effects are controls and can be ignored in model-based outputs.

Note that the readmission analysis differs from comorbidity and procedure surveillance in two 
ways: the data �le is patient based rather than record based, and the odds ratios are from a logistic 
regression rather than the log-rate model. In addition, if we want to obtain disease-speci�c readmis-
sion, an additional condition should be added: the ad+ event has to be the same in either primary or 
secondary diagnoses.

Table 8.3 lists the signi�cant results. Overall, 22 out of 42 selected diseases and conditions had at 
least one signi�cant odds ratio. In most cases, the directional effects are as expected. Patients resid-
ing in high-poverty neighborhoods had a greater chance of readmission than those in low-poverty 
neighborhoods. For AMI, patients from neighborhoods with 20% or greater poverty were 37% more 
likely to be readmitted to a hospital within 30 days. The corresponding number for osteoarthritis is 
170%. Also, as we move from left to the right in the table, the contrast with the reference poverty 
level (5%) increases. As expected, the odds ratios in the far right column had the highest number 
of signi�cant values. For patients living in the poorest neighborhood category, 16 out of 22 odds 
ratios indicated elevated readmission rates, whereas in the poverty 2 category (5%–10%), only 6 of 
them were signi�cant. The results also show that those living in poorer neighborhoods tend to have 
repeated ACSCs.

Besides the above general trends, there are several ways to inspect the results. First, the lack of 
signi�cant results from the 42 conditions is due to small cells or frequencies. If we were to combine 
the last two poverty groups into a single group, we would show many more diseases as signi�cant 
by neighborhood SES. Second, the readmission window of 30 days may affect some results. For 
example, we included two procedure-related diagnoses according to the HCUP report (Elixhauser 
and Steiner, 2013): (1) complications of device, implant, or graft and (2) complications of surgical 
procedures. Only the latter was signi�cant for the high-poverty group. Suspecting that the device, 
implant, or graft may last longer than 30 days, we ran a model for 60-day readmission to check. 
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Indeed, the odds ratio of 1.348 (p-value = 0.00257) for the poverty level 5 versus 1 was signi�cant. 
Third, we can associate �ndings from this table to Table 8.1, as some disease-speci�c signi�cant 
results from Table 8.3 tend to be associated with high SES gradients. Examples include schizo-
phrenia and psychotic disorders, mood disorders, and seizures and epilepsy. Even though mental 
health conditions are excluded for readmission surveillance by many programs, their SES gradi-
ents should not be ignored. Finally, we also included cancer, as comorbidities are often developed 
after cancer treatment. It seems that cancer patients from poorer neighborhoods ended up being 
more likely to be readmitted to a hospital than those from low-poverty neighborhoods.

Some readmissions were more likely for patients from low-poverty neighborhoods. Fracture 
of lower limb and acute cerebrovascular disease were both included in this category. For acute 
cerebrovascular disease and fractures of lower limbs, the effects may be genuine. Acute cerebro-
vascular disease (mostly stroke patients from poor neighborhoods) patients may be more likely to 
die and less likely to engage in rehabilitation. The same can be said for patients with lower-limb 
fractures. We note that patients with CHF in poverty level 3 were 12% less likely to be readmitted 
for no apparent reason. On the one hand, the risk factor may be more prone to the well-off neigh-
borhoods (<5%) than the middle ones. On the other hand, one unexpected effect could be due to 

TABLE 8.3
Readmission of Frequent Diagnoses by Neighborhood Poverty Status

First or Second Diagnosis Pvt2 vs. 1 Pvt3 vs. 1 Pvt4 vs. 1 Pvt5 vs. 1

Osteoarthritis 2.133* 2.592* 1.939 2.703*

CHF 0.961 0.884* 0.965 1.116*

Mood disorders 1.052 1.033 1.191* 1.292*

Cardiac dysrhythmias 1.211* 1.238* 1.154 1.192*

COPD and bronchiectasis 1.058 1.066 1.102 1.311*

Back problemsa 1.212 1.418* 1.067 1.202

Skin and subcutaneous tissue infections 1.04 1.062 1.271 1.344*

Nonspeci�c chest pain 1.552* 1.36 1.403 2.197*

AMI 1.203 1.347* 1.367 1.370*

Acute cerebrovascular disease 0.861 0.871 0.666* 0.727*

Diabetes mellitus with complications 1.284 1.424* 1.468* 1.900*

Asthma 1.312 1.533* 1.076 1.536*

Schizophrenia and other psychotic disorders 1.03 1.072 1.291 1.420*

Acute and unspeci�ed renal failure 1.111 0.986 1.05 1.239*

Respiratory failure, insuf�ciency, arrest 1.054 1.019 1.109 1.523*

Gastrointestinal hemorrhage 1.380* 1.187 1.379 1.22

Epilepsy, convulsions 1.304 1.401* 1.394 1.477*

Fracture of lower limb 0.724* 0.574* 0.637* 0.675*

Hypertension (HP) with complications and secondary HP 1.433* 1.325 1.393 1.999*

Anemia 1.478* 1.262 0.978 1.031

ACSCs 1.110* 1.129* 1.250* 1.311*

Complications of surgical procedures 0.981 1.065 1.228* 1.225*

Note:	 Readmission is based on 30 days, all causes. Pvt, poverty level, all in odds ratios. Pvt2 vs. 1, census tracts with >5% 
and ≤10% people under vs. <5% under the poverty level; pvt3 vs. 1, ensus tracts with >10% and ≤15% people under 
vs. <5% under the poverty level; pvt4 vs. 1, census tracts with >10% and ≤15% people under vs. <5% under the 
poverty level; pvt5 vs. 1, census tracts with >20% people under vs. <5% under the poverty level.

a	 Spondylosis, intervertebral disk disorders, and other back problems.
*Signi�cant at p < 0.05.
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some unknown temporal reason or by chance, because the odds ratio from the poorest neighbor-
hoods (poverty level 5) did show 11.6% more readmissions for heart failure patients. Since gener-
ating hypotheses is one of the functions of surveillance, one could use these results for in-depth 
analyses.

In the above analysis, we followed the traditional de�nition of readmission. The initial index 
admission or hospital stay was disease speci�c, and readmission could be for other causes. However, 
such a de�nition did get into the question of repeated hospital treatments for the same disease. In 
the following, we adhered to the restriction that the index diagnosis must be the same diagnosis for 
readmission within 30 days. The signi�cant results are in Table 8.4. One apparent �nding is that 
those results signi�cant in Table 8.4 are also signi�cant in Table 8.3. In addition, all the directional 
effects remain the same. Six conditions became nonsigni�cant: (1) CHF COPD and bronchiectasis, 
(2) nonspeci�c chest pain, (3) asthma, (4) acute and unspeci�ed renal failure, (5) gastrointestinal 
hemorrhage, and (6) anemia.

8.3.4  OUT-of-HoSPITAL MorTALITY SUrVEILLANCE BY SES

Previous surveillance efforts have been on very near-term hospital mortality, such as in-hospital 
mortality or 30-day mortality after hospital discharge, because those hospital-based surveillances 

TABLE 8.4
Readmission by the Same Primary Diagnoses Neighborhood SES

First or Second Diagnosis Pvt2 vs. 1 Pvt3 vs. 1 Pvt4 vs. 1 Pvt5 vs. 1

Osteoarthritis 1.997 2.663* 2.082 3.786*

CHF 0.988 0.874* 1.053 1.128*

Mood disorders 1.077 1.041 1.282* 1.458*

Cardiac dysrhythmias 1.215* 1.272* 1.358* 1.362*

COPD and bronchiectasis 0.978 1.015 1.083 1.277*

Back problemsa 1.569* 1.709* 1.353 1.336

Skin and subcutaneous tissue infections 1.063 1.150 1.325 1.620*

Nonspeci�c chest pain 1.308 1.003 1.024 1.759*

AMI 1.225 1.421 1.467 2.030*

Acute cerebrovascular disease 0.682* 0.714 0.431* 0.620*

Diabetes mellitus with complications 1.175 1.245 1.409 1.657*

Schizophrenia and psychotic disorders 1.095 1.081 1.451* 1.475*

Respiratory failure, insuf�ciency, arrest 1.002 0.879 1.013 1.501*

Intestinal obstruction without hernia 1.215 1.149 1.340* 1.092

Epilepsy, convulsions 1.280 1.242 1.399 1.456*

Fracture of lower limb 0.708 0.356* 0.648 0.555*

Hypertension (HP) with complications and secondary HP 1.515* 1.255 1.802* 2.149*

Anemia 1.810* 1.494* 1.099 1.119

Avoidable hospitalization 1.055 1.061 1.196* 1.291*

Complications of surgical procedures 0.998 1.121 1.276* 1.314*

Note:	 30-day readmission conditioned on the second admission corresponds to the �rst one. Pvt, poverty level, all in odds 
ratios. Pvt2 vs. 1, census tracts with >5% and ≤10% people under vs. <5% under the poverty level; pvt3 vs. 1, census 
tracts with >10% and ≤15% people under vs. <5% under the poverty level; pvt4 vs. 1, census tracts with >10% and 
≤15% people under vs. <5% under the poverty level; pvt5 vs. 1, census tracts with >20% people under vs. <5% under 
the poverty level.

a	 Spondylosis and intervertebral disk disorders and other back problems.
*Signi�cant at p < 0.05.
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intend to improve patient care. After 30 days of the discharge, mortality variation may be related to 
(1) the quality of hospital care, (2) family support, and (3) community resources. Since public health 
focuses on community-based resources for post-hospital care, out-of-hospital mortality surveillance 
would be a natural extension of hospital care–based surveillance. Given that few studies deal with 
out-of-hospital mortality assessments, we use in-hospital mortality surveillance literature to guide 
us in the following analysis.

Variation in hospital mortality has been a subject of statistical inquiries since at least 1861, when 
the Journal of the Statistical Society of London started publishing a series of articles describing 
hospital mortality rates (Spiegelhalter, 1999). It was advocated at the time that mortality rates 
should be compared at both the hospital and ward levels to tease out (1) the quality of care within 
hospitals and (2) the case mix by neighborhoods or wards. While both effects were claimed by Guy 
(1867), he seemed more concerned with variation due to case mix, presumably at the ward level, 
and urged caution about not adjusting for potential risk factors. Even though risk adjustment from 
case mix and other comorbidities is an important issue, more than 100 years after Guy’s study, 
early studies rarely take it into consideration. Fink et al. (1989) reviewed 21 studies with hospital-
speci�c mortality data, and only 3 had adjusted demographic and comorbidities. They pointed out 
the importance of tracking hospital mortality, as some patients were discharged to nursing homes 
and hospices.

Literature on in-hospital mortality by SES has accumulated rapidly in recent years (Zarzaur 
et al., 2010). Colvin et al. (2013) identi�ed an inverse relationship between zip code–based SES and 
in-hospital pediatric mortality. Reames et al. (2014) attributed higher in-hospital mortality of cancer 
patients to failure to rescue in some hospitals near low-SES neighborhoods. A study of coronary 
artery bypass graft (CABG) patients in California (Kim et al., 2007) showed that zip code SES is 
inversely related to in-hospital mortality, but the study also attributed this to high-volume hospitals. 
While a study in Shelby County, Tennessee, found an inverse relationship between census tract–
based SES and injury admission, it failed to detect any in-hospital mortality. Vrbova et al. (2005) 
did not �nd association between neighborhood SES and in-hospital mortality among community-
acquired pneumonia patients. Although most studies tend to �nd an inverse relationship between 
area SES and in-hospital mortality (Gerward et al., 2006), some fail to �nd any relationship, and 
some attribute it to hospital locations and volumes.

In recent years, there has been an increased interest in post-hospitalization care. While health 
care service researchers are interested in measuring many effects of hospital care that become evi-
dent only after patients leave hospitals, public health practitioners are interested in social environ-
ments that in�uence (1) preexisting conditions before hospitalization and (2) postsurgery or other 
complications after hospitalization. In addition, after quality improvement indicators are imple-
mented, hospitals might be tempted to discharge patients with poor prognoses to minimize in-
hospital mortality, which would be captured by out-of-hospital mortality indicators. Early studies 
on out-of-hospital mortality are primarily for 30-day mortality after discharge. Chassin et al. (1989) 
and Rosenthal et al. (2000) showed that 30-day postdischarge mortality was similar to in-hospital 
mortality. While studies of this nature required some kind of linkage between hospital data and 
death records (Krakauer et al., 1992), most HDD today includes 30-day mortality information, 
which is required for reporting purposes.

Besides 30-day mortality, some use wider time windows, such as 60 days, 180 days, and more 
than a year. Lubitz et al. (1985) used six different time windows following surgery, from 15 days to 
1-year postdischarge mortality, and suggested that “anytime windows” have their uses. Fleming et 
al. (1991) developed risk-adjusted mortality indices using time-varying windows tailored to clinical 
conditions. Garnick et al. (1995) suggested that 30-day mortality is the best time window measure-
ment for three types of cardiac hospitalization: (1) CABG surgery, (2) treatment for an AMI, and 
(3) CHF. Working with a more controlled registry dataset, Hannan et al. (2000) extended the study 
time window to 3 years for AMI patients who had primary angioplasty. In general, however, hos-
pital treatment effects normally should not extend to more than 1 year, and we therefore use 1-year 
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mortality as an indicator to gauge community effects. The 1-year post-hospital mortality was used 
in a recent CVD-SES relationship study.

Our surveillance approach differs from more elaborate research designs in important ways. First, 
it encompasses multiple diseases and conditions, and a comorbidity-based risk adjustment method 
for one disease does not necessarily apply to another. For this reason, we just used age group and sex 
as control variables. Likewise, we used the same set of diseases and conditions listed in Table 8.1, 
but we only used the �rst two diagnoses to code for principal diagnoses for admission. Second, we 
used the same logistic regression approach used in readmission tables, which suffer from a small 
number of issues in younger age groups that we cannot individually examine due to the surveil-
lance practice: only the poverty-related odds ratios were extracted from the outputs. Third, there 
are some uncertainties regarding mortality by neighborhoods. We used death records provided by 
the Nebraska Vital Records Of�ce. The records are very good, but not perfect. The of�ce has data 
exchange agreements with many states (adjacent states and retirement destination states), but some 
deaths occurring outside Nebraska may not have been recorded. We relied on full name, date of 
birth, sex, and residential location as matching variables, but the linkage method is probabilistic, 
and some mismatches were deemed acceptable. Fourth, there is no acceptable way to determine 
discharge date for 1-year mortality surveillance, and we made our own rule. If a patient is hospital-
ized for CHF and a readmission occurs for some other illness, we would ignore the readmission and 
use the discharge date of CHF as the index date for 1-year mortality. Moreover, mortality tends to 
have multiple causes, and we included all-cause mortality, other than cause-speci�c death. Finally, 
different ways of coding the same diseases by name may have different outcomes. For this reason, 
we also included three diseases from the Charlson Index that coded comorbidity conditions in ICD-
9. In particular, we included Charlson Index MI (410 and 412 in three digits), CHF ([428] or [4254, 
4255, 4257–4259] or [39891, 40201, 40211, 40291, 40401, 40403, 40411, 40413, 40491, 40493]), and 
chronic pulmonary disease ([490–496, 500–505] or [4168, 4169, 5064, 5081, 5088]), and compared 
the results with corresponding diagnoses according to the HCUP de�nitions that we have used 
throughout all the tables.

Table 8.5 lists diseases or conditions with at least one signi�cant odds ratio. Most odds ratios 
favor the well-off neighborhoods. Although some diagnosis-speci�c admissions had SES gradients, 
such as coronary atherosclerosis, nonspeci�c chest pain, mood disorders, and appendicitis and other 
appendiceal conditions, most listed diagnoses could only be contrasted between poverty group 1 
and poverty groups 2–5. It is also evident that a cluster of CVD-related diseases had an inverse rela-
tionship between area SES and 1-year mortality (e.g., AMI, MI, CHF, peripheral vascular disease, 
cerebrovascular disease, and cardiac dysrhythmias). If we include chest pain, almost a quarter of 
the listed diseases relate to CVD, in which poor neighborhoods had higher odds of 1-year mortality. 
In addition, kidney to biliary tract and urinary tract diseases, pulmonary disease, and mood and 
alcohol-related disorders form some small clusters.

The exception to the above SES relationship is pneumonia, whose odds ratios suggest that 
patients from middle and upper-middle SES groups were less likely to die within 1 year of dis-
charge than those in the highest SES group. This result, to some degree, is consistent with a 
provincial-wide study in Canada on in-hospital mortality among community-acquired pneumonia 
patients.

Finally, our sensitivity analyses showed that the results from MI in the Charlson Index and AMI 
were similar, but MI had more signi�cant results than AMI. Likewise, the results from COPD and 
bronchiectasis were not signi�cant according to the HCUP de�nition ([490, 494, 496] or [4910, 
4911, 4912, 4918, 4919, 4920, 4928, 4940, 4941] or [49120, 49121, 49122]). However, the results from 
chronic pulmonary disease in the Charlson Index were signi�cant.



131SES Disparities in Hospitalization

TABLE 8.5
Odds Ratios of 1-Year Mortality by Neighborhood Poverty Status

First or Second Diagnosis Pvt2 vs. 1 Pvt3 vs. 1 Pvt4 vs. 1 Pvt5 vs. 1

Myocardial infarction (CI) 1.092 1.151* 1.185* 1.327*

  AMI 1.036 1.084 1.155 1.284*

  CHF (CI) 1.057 1.04 1.134* 1.068

  Coronary atherosclerosis 1.175* 1.252* 1.254* 1.517*

  Peripheral vascular disease 1.154 1.201* 1.276* 1.233*

  Cerebrovascular disease 1.122* 1.11* 1.108 1.233*

  Cardiac dysrhythmias 1.125* 1.143* 1.171* 1.335*

  Nonspeci�c chest pain 1.137 1.033 1.096 1.766*

  Diabetes without complications 1.145 1.419* 1.278* 1.391*

  Diabetes with complications 1.371* 1.256 1.328 1.277

 � HP with complications and 
secondary HP

1.043 1.197* 1.241* 1.073

  Chronic pulmonary disease (CI) 1.079 1.11* 1.064 1.157*

  Pneumonia 0.934* 0.898* 0.919 1.016

  Asthma 1.156 1.151 1.053 1.452*

  Mood disorders 1.313* 1.388 1.173 1.555*

  Alcohol-related disorders 1.119 1.279 1.478* 1.073

  Secondary malignancies 1.082 1.099 1.161* 1.267

  Osteoarthritis 0.992 1.083 1.301 1.618*

  Back problemsa 1.195 1.317* 1.407* 1.313*

 � Skin and subcutaneous tissue 
infections

1.167* 1.153 1.235* 1.413*

  Anemia 1.198* 1.117 1.119 1.083

  Septicemia (except in labor) 0.959 1.021 1.121 1.157*

  Urinary tract infections 1.107* 1.091 1.114 1.26*

  Biliary tract disease 1.2* 1.286* 1.173 1.339*

  Acute and unspeci�ed renal failure 1.086* 1.111* 1.117* 1.028

  Fluid and electrolyte disorders 1.187* 1.184* 1.161* 1.301*

  Intestinal obstruction without hernia 1.191* 1.168* 1.224 1.25*

  Pancreatic disorders (not diabetes) 1.102 1.219 1.188 1.257*

  Diverticulosis and diverticulitis 1.195 1.05 1.272 1.481*

 � Appendicitis and other appendiceal 
conditions

1.315 1.634 2.441* 2.412*

  Other fractures 1.02 1.003 0.888 1.231*

  Fracture of lower limb 1.317* 1.512* 1.184 1.336

ACSCs 1.036 1.049 1.05 1.11*

Note:	 CI, diagnosis codes were from the Charlson Index. Pvt, poverty level, all in odds ratios. Pvt2 vs. 1, 
census tracts with >5% and ≤10% people under vs. <5% under the poverty level; pvt3 vs. 1, census 
tracts with >10% and ≤15% people under vs. <5% under the poverty level; pvt4 vs. 1, census tracts 
with >10% and ≤15% people under vs. <5% under the poverty level; pvt5 vs. 1, census tracts with 
>20% people under vs. <5% under the poverty level.

a	 Spondylosis, intervertebral disk disorders, and other back problems.
*Signi�cant at p < 0.05.
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8.4  CONCLUDING REMARKS

In this chapter, we systematically examined four indicators—hospitalization incidence, treatment 
procedure, readmission, and mortality—that intersect with public health and health care delivery. 
Unlike program-based practice, we did not report frequencies, incidence, and trends, which are 
often included in public health reports. Unlike research studies, we made no attempt to answer a 
research question. Instead, we attempted to answer a crosscutting question: To what degree does 
neighborhood poverty status affect the four indicators for a set of frequently diagnosed diseases 
and conditions? The answer to this question was that the impact of neighborhood poverty status 
trickles down from incidence to readmission and mortality for the most selected diseases and 
conditions.

In the incidence surveillance, we found that overwhelmingly, majority odds ratios for neigh-
borhood effects were signi�cant. In most disease categories, patients from poor neighborhoods 
were more likely to have a disease or condition than patients in neighborhoods with <5% of 
the residents under the poverty line. In addition, the SES gradients tend to get stronger going 
from midpoor to poor neighborhoods, and the effects are often more than doubled, or a disease 
is twice as likely to be seen in patients in the poorest neighborhoods than in the reference cat-
egory. An important set of diseases with relatively high SES gradients include schizophrenia, 
alcohol-related disorders, and mood disorders. Since the mental health burden can be greatly 
reduced for hospitals if family and community support is adequate, public health can play a 
major role there.

In contrast to incidence, fewer diseases from readmission and mortality surveillances would be 
signi�cant along SES, and fewer odds ratios within each disease would be signi�cant. These results 
suggest that many disparities at the disease incidence level may not permeate through the health 
care system to re�ect in readmission and mortality. On the other hand, we found that some, such 
as mental illness (mood disorder, alcohol-related disorder, etc.), were persistent through incidence, 
readmission, and mortality. The same goes with AMI and a few other heart disease categories. 
These �ndings are consistent with studies in both the United States and Canada (Villanueva and 
Aggarwal, 2013; Kapral et al., 2002).

While we believe that incidence, readmission, and mortality should be included in public health 
surveillance, we are less certain about procedure disparity surveillance, primarily because proper 
procedures depend on clinical conditions that diagnosis codes alone cannot tell us much about. 
Nevertheless, we had some interesting �ndings. For example, prophylactic vaccination and inocula-
tion are often needed against in�uenza, and these procedures were much more common for patients 
in poor neighborhoods than for patients in neighborhoods with a poverty rate of <5%. Likewise, 
respiratory intubation and mechanical ventilation are often used for COPD, and they are more likely 
to be used for those living in poor neighborhoods.

Finally, we want to comment on ACSCs that could have been treated effectively in a primary 
care setting (Billings et al., 1996). In the United States, billions are spent each year on ACSCs 
(Kruzikas, 2004). It seems that the SES gradients in ACSC hospitalization had more to do with 
accessibility than availability. The inverse relationship between neighborhood SES and ACSC 
hospitalization has also been shown in countries with universal health care coverage, such as 
Italy (Agabiti et al., 2009), Canada (Agha et al., 2007; Booth and Hux, 2003), and the United 
States for the Medicare population (Blustein et al., 1998). Even though we used ACSCs as a 
broad category, many conditions within the categories also had signi�cant effects. The effects of 
COPD, asthma, and diabetes were clear, and their contributions to ACSCs were also highlighted 
by Booth and Hux (2003) and Trachtenberg et al. (2014). Our main contribution to the ACSC 
literature, perhaps, is the downstream surveillance of readmission and mortality. In both cases, 
ACSCs had an SES gradient favoring the well-off neighborhoods. Poor neighborhoods tended 
to be at a double disadvantage, being more likely to have both ACSCs and repeated preventable 
hospitalizations.
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APPENDIX 8A: �RANK ORDER OF CCS PRINCIPAL DIAGNOSIS CATEGORY 
BY NUMBER OF DISCHARGES (2010 NATIONAL 
STATISTICS—PRINCIPAL DIAGNOSIS ONLY)

Rank CCS Principal Diagnosis Category and Name
Total Number 
of Discharges 

Standard Error of Total 
Number of Discharges

1 218 Live-born 3,905,550 134,912

2 122 Pneumonia (except that caused by tuberculosis and sexually 
transmitted diseases)

1,103,370 21,279

3 203 Osteoarthritis 974,410 45,544

4 108 CHF, nonhypertensive 966,595 22,399

5 2 Septicemia (except in labor) 934,094 25,664

6 657 Mood disorders 886,704 55,047

7 106 Cardiac dysrhythmias 763,502 20,853

8 127 COPD and bronchiectasis 702,715 17,558

9 237 Complication of device, implant, or graft 683,787 23,130

10 193 Trauma to perineum and vulva 674,191 28,140

11 205 Spondylosis, intervertebral disk disorders, other back problems 670,555 29,284

12 197 Skin and subcutaneous tissue infections 655,600 14,590

13 195 Other complications of birth, puerperium affecting management of 
the mother

654,243 25,533

14 101 Coronary atherosclerosis 646,064 25,277

15 159 Urinary tract infections 613,710 13,391

16 102 Nonspeci�c chest pain 607,388 23,463

17 100 AMI 604,784 21,675

18 109 Acute cerebrovascular disease 588,898 16,092

19 50 Diabetes mellitus with complications 547,652 12,849

20 181 Other complications of pregnancy 533,506 18,555

21 238 Complications of surgical procedures or medical care 522,128 13,464

22 189 Previous C-section 502,796 18,935

23 149 Biliary tract disease 470,329 11,082

24 55 Fluid and electrolyte disorders 466,195 10,018

25 128 Asthma 418,990 14,686

26 254 Rehabilitation care, �tting of prostheses, and adjustment of devices 411,309 29,267

27 659 Schizophrenia and other psychotic disorders 406,313 36,254

28 157 Acute and unspeci�ed renal failure 403,772 9,882

29 131 Respiratory failure, insuf�ciency, arrest (adult) 362,681 10,230

30 153 Gastrointestinal hemorrhage 362,467 7,679

31 145 Intestinal obstruction without hernia 354,484 7,342

32 152 Pancreatic disorders (not diabetes) 322,115 7,570

33 146 Diverticulosis and diverticulitis 308,813 7,601

34 226 Fracture of neck of femur (hip) 304,241 7,938

35 83 Epilepsy, convulsions 298,842 11,453

36 142 Appendicitis and other appendiceal conditions 295,589 10,302

37 660 Alcohol-related disorders 294,576 20,315

38 230 Fracture of lower limb 281,337 10,160

39 185 Prolonged pregnancy 278,316 13,162

40 95 Other nervous system disorders 266,100 7,926

41 245 Syncope 255,536 8,709

42 661 Substance-related disorders 250,901 24,288

43 183 Hypertension complicating pregnancy, childbirth, and the puerperium 247,018 9,634

44 233 Intracranial injury 245,560 13,455

(Continued)
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(Continued)

Rank CCS Principal Diagnosis Category and Name
Total Number 
of Discharges 

Standard Error of Total 
Number of Discharges

45 99 Hypertension with complications and secondary hypertension 240,804 8,242

46 231 Other fractures 240,438 9,434

47 135 Intestinal infection 237,497 6,574

48 196 Normal pregnancy or delivery or both 235,429 10,701

49 42 Secondary malignancies 233,930 18,412

50 59 Anemia 230,203 5,458

Source:	 Weighted national estimates are from the 2010 HCUP Nationwide Inpatient Sample (NIS), Agency for Healthcare Research 
and Quality (AHRQ), based on data collected by individual states and provided to AHRQ by the states.

Note:	 The total number of weighted discharges in the United States based on HCUP NIS is 39,008,298. Statistics based on estimates 
with a relative standard error (standard error/weighted estimate) of >0.30 or with a standard error of 0 in the nationwide 
statistics (NIS and KID) are not reliable. These statistics were suppressed and are designated with an asterisk. The estimates 
of standard errors in HCUPnet were calculated using SUDAAN software. These estimates may differ slightly if other soft-
ware packages are used to calculate variances.
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9 Sex Disparities in 
Hospitalization

9.1  INTRODUCTION

Sex is biologically based, while gender is socially constructed. However, for simplicity, we use 
gender and sex interchangeably, by ignoring socially constructed connotations. Sex is an important 
dimension for basic and clinical medical research that evaluates underlying causes of sex differences 
in disease prevalence, age at onset, severity of progression, and symptom presentation. Although 
progress is being made on understanding sex differences in biological, clinical, pharmaceutical, and 
public health sciences, there is a lack of interaction among the four �elds. This chapter addresses 
the public health or health disparity perspective. Although sex disparities in health are found for 
both males and females, they are most often related to disadvantaged socioeconomic status (SES) 
and related health status or to conditions among women. We believe that greater awareness of sex-
speci�c disease differences will increase clinicians’ awareness of diagnosis and treatment differ-
ences and improve health outcomes.

The documentation of gender differences in health is most often related to women. Paradoxically, 
it has long been known that women live longer than men, yet women live with a greater number 
of comorbidities, and have worse self-reported health than men. This phenomenon is known as 
the morbidity–mortality paradox (Verbrugge and Wingard, 1987). Survey data show that women 
report more functional limitations and more comorbidities. Women also use more health care 
services (Redondo-Sendino et al., 2006). Since age effects are often controlled, gender differ-
ences in health re�ect biomedical, SES, and physiological differences between men and women. 
When biological factors are known, people tend to use sex as a control variable while assessing 
the in�uence of other risk factors. Although health disparities by sex may be biologically based, 
it is commonly viewed that they are mainly driven by social and economic inequalities in favor 
of men. However, most empirical studies are based on a few selected health outcomes, while few 
studies have examined a range of health outcomes (Hunt, 2002). Some studies suggest that female 
morbidity is overstated. Using primarily self-reports and diagnoses from primary care settings, 
Kulminski et al. (2008) developed four indices based on the Framingham offspring study. They 
showed that female morbidity is overstated in that only the oldest age group (age 75–78 years) 
had fewer comorbidities. In addition, even though the sex dimension is almost always included in 
health reports, it is not often linked to different disparity contexts, such as socioeconomic, occupa-
tion, and domestic violence.

In this chapter, we present some gender differences in disease and how gender may interact 
with SES and other factors. We use a demography method to compare gender difference. We 
treated the 7 years of data as the hospitalized patient population, so that any descriptive differ-
ences can be reported as real differences during the study period. This approach is different 
from that in Chapter 8, where we treated the same data as a sample from a long period of time. 
Although both approaches have been used by demographers and epidemiologists, demographers 
tend to use age standardization, while epidemiologists tend to use odds ratios. We used the direct 
standardization method to calculate an age-standardized hospitalization rate per 1000 popula-
tion, where age was strati�ed into eight age groups (0–14, 15–24, 25–34, 35–44, 45–54, 55–64, 
65–74, and 75+). It is often that the top age group of 75+ may not be suf�cient in age standard-
ization. However, we wanted to use an age- and poverty-speci�c population from the American 
Community Survey at the census tract level, which only had the top age group 75+. Recall from 
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Chapter 8 that we had �ve poverty levels. However, it is not easy to visually compare �ve pairs 
of standardized rates. We, therefore, used three poverty levels: low-poverty census tracts with 
<5% of the people under the poverty level, midpoverty census tracts with >5% and <15% of the 
people under the poverty level, and high-poverty census tracts with >15% of the people under 
the poverty level. The 2000 standard population was then used for calculating the standard hos-
pitalization rate.

In Chapter 8, we used record-based measures or incidence. While we still use incidence when-
ever necessary, we also tried to use patient-based measures, because most gender difference studies 
are person based. For instance, the number of comorbidities by sex should not be record based, as 
the record with the most comorbidities should be assigned to a patient. After demographic analysis, 
we also assess the differences between record-based and patient-based measures. Finally, we pres-
ent a complete case study of gender difference in stroke.

9.2 �USING  HOSPITAL INCIDENCE AND PREVALENCE DATA TO 
REVISIT THE MORBIDITY–MORTALITY PARADOX

The morbidity–mortality paradox suggests that females have more comorbidities. We begin the 
analysis by counting the number of comorbidities by sex. However, when a patient had a number of 
discharges, we needed to decide how to summarize the number of comorbidities. Our options were 
to (1) summarize unique comorbidities by comparing multiple discharges for each patient, (2) use 
the mean, (3) use the record with the maximum number of comorbidities, or (4) use the record with 
the least number of comorbidities and over the entire study period. Which option we used depended 
on the research questions. In the context of measuring the morbidity–mortality paradox, we chose 
the discharge record with the maximum number of comorbidities. In other words, if a patient had 
four hospitalizations, we retained only the hospitalization with the largest number of comorbidities. 
The algorithm works as follows:

 1.	Generate a comorbidity count for each record by searching nine diagnosis codes.
	 2.	Sort all records by patient ID, comorbidity count, and discharge date.
	 3.	Select the record from each patient that has the largest number of comorbidities.
	 4.	 If there is a tie, select the record with the most recent discharge date.
	 5.	Perform comorbidity count by sex and other dimensions.

Table  9.1 lists the number of comorbidities according to the maximum number of diagnosis 
codes listed for each patient during the 7-year study period by age, sex, and poverty. Note that the 
maximum number of comorbidities cannot exceed 9, as we were only provided with up to nine 
diagnosis codes for each patient. It is apparent that males and females have about the same num-
ber of comorbidities in each age group and each poverty category. If we ignore minor differences 
of <0.2 in this table, males in the age groups of <15 years, 25–34 years, and 75–84 years had a 
higher number of comorbidities than females. As far as the number of comorbidities is concerned, 
we found no evidence to support that females have a greater number of comorbidities from any age 
group between 2005 and 2011.

The mortality–morbidity paradox also suggests that females are more likely to use health care 
services. Hospitalization represents the most costly health services, and we can compare gen-
der differences in disease-speci�c hospitalization. In a health interview survey, the respondent 
would recall how many times he or she was admitted to a hospital. Likewise, in the Nebraska 
hospital discharge data (HDD), we count the number of disease-speci�c hospitalizations. In 
all, there were about 1.375 million hospitalizations during the 7-year period among Nebraska 
residents. Females accounted for about 60%, compared to 40% for males, with some of this dif-
ference attributable to obstetric hospitalizations. To be more speci�c, we used the 10 leading 
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causes of death as if they were leading causes of hospital admissions. Different from Chapter 8, 
we used causes rather than comorbidity, and the coding was from the primary diagnosis rather 
than from a set of diagnoses.

Table 9.2 lists annualized standard hospitalization rates (�rst two columns) and frequency counts 
according to the 10 causes of death. The 10 disease-speci�c hospitalizations totaled 497,000 over 
the 7 years, which accounted for 36% of all hospitalizations. While overall hospitalizations by sex 
for the 10 diseases were fairly even (48% for males vs. 52% for females), males had higher standard 

TABLE 9.1
Number of Comorbidities by Age, Sex, and Poverty: 2005–2011

Male Female

Low Pvt Mid-Pvt High Pvt Low Pvt Mid-Pvt High Pvt

<15 2.7 2.6 2.7 2.4 2.4 2.5

15–24 4.5 4.5 4.7 4.5 4.5 4.6

25–34 5 5.1 5.2 4.6 4.7 4.7

35–44 5.5 5.6 6 5.5 5.5 5.8

45–54 6.3 6.3 6.7 6.2 6.2 6.6

55–64 7.1 7.1 7.3 6.9 7 7.2

65–74 7.8 7.7 7.8 7.7 7.6 7.7

75–84 8.4 8.2 8.2 8.2 8 8.1

Age ≥ 85 8.6 8.4 8.4 8.5 8.3 8.3

Total 6.2 6.2 6.3 6.1 6 6.2

Note:	 The number of comorbidities is person based. If a patient has three hospitalizations, then 
during the 7-year period, the one with the largest number of comorbidities is selected. Pvt, 
poverty level. Low pvt, census tracts with <5% people under the poverty level; mid-pvt, 
census tracts with >5% and <15% people under the poverty level; high pvt, census tracts 
with >5% people under the poverty level.

TABLE 9.2
Primary Diagnosis for Hospitalization by Sex in Nebraska: 
2005–2011

Standard Rates Total N

10 Diseases Males Females Males Females

Heart disease 1110.9 718.1 9446 7626

Cancer 353.4 298.1 3447 4467

CLRDs 228.8 241.0 1925 2424

Stroke 239.4 202.3 1987 2145

Unintentional injuries 1646.8 1658.7 11643 14487

Alzheimer’s disease 13.8 12.6 96 124

Diabetes 119.5 95.4 927 786

Kidney diseases 101.6 80.8 658 641

In�uenza and pneumonia 464.0 392.7 3425 3595

Suicide 52.4 84.7 442 703

Note:	 Rates and counts are annualized. Standard rates are calculated using eight age 
groups, starting with 0–15 and incremented by 10 until age 75+.
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hospitalization rates for 7 out of 10 diseases. Females had higher standard hospitalization rates for 
chronic lower respiratory disease (CLRD), unintentional injury, and suicide. Together, males had 
603 more hospitalizations per 100,000 than females among the seven diseases. In particular, males 
had 393 more standardized heart disease hospitalizations than females (1111 vs. 718). Males also had 
71 more standardized hospitalizations than females (464 vs. 393). Females, on the other hand, had 
32 more standardized suicide hospitalizations than males. However, since the total standardized 
suicide rates were not that high, the impact was at best moderate upon the overall hospitalization 
gap between males and females. It is clear that males used more hospital resources than females, 
as far as the 10 leading causes of death are concerned. The morbidity paradox is not supported by 
evidence from the Nebraska HDD from 2005 to 2011.

Studies of the mortality–morbidity paradox often compare disease-speci�c prevalence by sex, 
which shows no difference when disease prevalence among populations is monitored. One common 
way to measure disease prevalence is to use survey data, in which sample respondents are given a 
list of medical conditions and asked which apply to them. Based on the number of respondents hav-
ing or not having a condition, disease prevalence can be derived. The advantages of using survey 
data include (1) a well-de�ned prevalence by sample is obtained that can represent the whole popu-
lation, (2) prevalence can be cross-tabulated with demographic and socioeconomic variables that 
are often not available from administrative data, and (3) research questions can be �exibly incorpo-
rated into a survey design. A major weakness of using surveys is their reliance on self-reported dis-
eases or conditions. Another weakness is that survey data can only accommodate a limited number 
of diseases or conditions due to the concerns of cost and response rate. HDD, in contrast, tend to 
have many diagnosis conditions for each patient, and they can overcome some of these weaknesses. 
However, HDD only represent those having a hospital stay, and they are not representative of the 
whole population.

We were interested in comparing the sex difference in the prevalence of 10 speci�c diseases and 
their potential gradients along neighborhood SES. To calculate prevalence for each selected disease, 
we used the follow algorithm:

 1.	Generate 10 comorbidity indicator variables by searching nine diagnosis codes.
	 2.	Selected 1 comorbidity = true and sort all records by patient ID.
	 3.	Deduplicate records by patient ID.
	 4.	Run frequency by poverty, sex, and age for the selected comorbidity.
	 5.	Use standardized population to calculate standard prevalence.
	 6.	Divide the standard rate in step 5 by that in step 6 so that the rate is annualized.
	 7.	Repeat steps 2–6 until the 10th disease.

The results are shown in Table 9.3. First, similar to the results in Table 9.2, the prevalence of 
7 out of 10 diseases tended to show male disadvantages during the study period. Diseases such as 
heart disease, cancer, and kidney disease were at least 30% higher for males than for females. Three 
diseases in which females had higher rates than males are identical to those identi�ed in Table 9.2 
(CLRD, Alzheimer’s disease, and suicide). These results suggest that prevalence based on 10 comor-
bidities tends to have similar directional effects as the rates based on the primary diagnosis. As 
far as hospital-detected prevalence is concerned, there was no obvious evidence suggesting that 
females had higher rates than males. Second, there were some interactions between sex and pov-
erty status at the neighborhood level, but they in�uenced only the magnitude of the difference, not 
the directional effects. However, there were a few exceptions. CLRDs were more prevalent among 
females, and this disparity was more pronounced for those living in neighborhoods with poverty 
rates higher than 15%. In fact, for those living in midpoverty neighborhoods (or census tracts), there 
was no sex difference. For both unintentional injuries and diabetes, females had a higher rate in 
poor neighborhoods (poverty rate > 15%) than males, even though males had an overall higher rate. 
It should be noted that we did not show the overall sex-speci�c rate without controlling for poverty 
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in Table 9.3, but the average of 3 rates is very close to the overall rate, normally within 2 or 3 per 
100,000. Finally, even though the rates follow a general SES gradient, with a higher rate for those 
from high-poverty neighborhoods, the gaps between males and females vary in both directions. 
The standard rate for diabetes increased drastically for the high-poverty group for both males and 
females, but the magnitude of the increase was much greater for females than for males. As a result, 
the female rate was higher than the male rate for this group. It should be mentioned that type 1 dia-
betes (not shown) is more common among females than males (based on International Classi�cation 
of Diseases, Ninth Revision [ICD-9] codes 250.01, 250.03, 250.11, and 250.13). This implies that 
poor neighborhoods had a lot more females with type 1 diabetes. Overall, gender differences in 
disease prevalence were dominant by higher rates for males than for females, and the SES was not 
the driver of these differences.

9.3 � USING PREVALENCE DATA TO ASSESS DISEASES 
MORE COMMON AMONG FEMALES

Due to the emphasis on gender difference, we purposefully sought diseases that were more com-
mon among women (Table 9.4). We �rst selected three autoimmune diseases in which women are 
biologically more vulnerable than men: multiple sclerosis (MS), lupus, and rheumatoid arthritis 
(Barsky et al., 2001). Women were about three times more likely than men to be diagnosed with 
MS when admitted to a hospital. Females were also at least four times more likely than males to 
have lupus and rheumatoid arthritis, respectively. In addition, all incidents had a poverty gradient, 
regardless of sex; people from a low-income neighborhood were more likely to have MS, lupus, and 
rheumatoid arthritis. Even though these sex differences are well known, there are bene�ts in study-
ing them. For example, sex differences in MS could be due to the effects of sex hormones (estrogen 
and testosterone) or sex chromosomes (XX or XY). Pregnancy reduces relapses by 80%, signi�-
cantly more than most of the currently available drug therapies. Noticing the effect of pregnancy on 
MS pathogenesis, laboratories have produced an estriol medication that has shown some ef�cacy in 
clinical trials (Smith-Bouvier et al., 2008). In this regard, we attempted to add the SES dimension, 
which might help to reduce sex-based disease disparities.

TABLE 9.3
Patient-Based Comorbidities for 10 Diseases by Sex and Poverty: 2005–2011

 Males Females 

 Low Pvt Mid-Pvt High Pvt Low Pvt Mid-Pvt High Pvt

Heart disease 1351.4 1428.9 1560.4 989.4 1095.9 1262.1

Cancer 418.0 426.8 453.5 308.9 322.9 349.1

CLRD 542.0 661.2 845.1 561.8 661.6 931.9
Stroke 304.2 309.2 362.8 256.4 259.3 322.2

Unintentional injuries 1073.2 1102.2 1258.8 1047.2 1084.1 1268.1

Alzheimer’s disease 66.0 58.1 64.0 81.1 71.4 79.9
Diabetes 576.7 645.0 801.9 445.0 570.5 831.3

Kidney diseases 550.7 520.8 691.7 368.1 365.0 517.8

In�uenza and pneumonia 474.2 582.7 689.2 394.9 504.0 606.3

Suicide 31.7 37.5 64.5 55.0 62.1 91.9

Note:	 Rates are age standardized per 100,000 per year. Diseases are based on one to nine diagnosis codes and 
E-codes for each patient. Pvt, poverty level. Low pvt, census tracts with <5% people under the poverty 
level; mid-pvt, census tracts with >5% and <15% people under the poverty level; high pvt, census tracts 
with >5% people under the poverty level.
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Recall that we included CLRD in Table 9.2, where females had a moderately higher rate than 
males. Since asthma is included in CLRDs, we took asthma only in Table 9.4 and found that the rate 
for females on average was about 1.4 times higher than that for males. This result suggests that the 
male–female difference in CLRD was mainly contributed by asthma.

The next three diseases in Table 9.4 belong broadly to mental and neurological disorders. In general, 
females are more vulnerable than males to psychological risk factors. Compared to males, females 
are more likely to experience stressful life events and psychological stressors (Leach et al., 2008). 
Speci�cally, we selected persistent depressive (dysthymic) disorder, eating disorder, and migraine. 
The average standard rates (over poverty) of dysthymic disorder (depression), eating disorder, and 
migraine for females were 7, 4.5, and 1.8 times higher, respectively, than the rates for males. Some 
depression can be attributed to chronic conditions. Although there is no sex difference in diabetes 
prevalence, women with type 2 diabetes had twice the odds of developing depression as did men, and 
the odds were signi�cantly higher (Anderson et al., 2001). Among the three diseases, depression also 
had marked SES gradients; the poorer the neighborhood, the higher the standard rates. Depression is a 
risk factor for a host of diseases, such as high blood pressure, insomnia, substance abuse, and suicide, 
and some of those diseases were also found to be more prevalent among women.

We know that lower SES is associated with poorer health due to persistent exposure to hardship 
and stress and poorer access to primary care. We also know that diseases such as asthma, chronic 
pain, obesity, and sexually transmitted diseases and infections (STDs and STIs) have SES gradients 
and are more common among women. However, we do not know if, or how, sex interacts with SES 
for these diseases. In the absence of interaction, the SES gradients should follow the same propor-
tional effects or gaps between males and females in disease incidence. If the gap between males 
and females is small for one SES group and larger for another SES group, then SES interacts with 
sex. One way to check the proportionality is to use the rate ratio between males and females by SES 
group. If the rate ratios are the same, then sex effects are the same across SES groups.

Figure 9.1 shows rate ratios based on Table 9.4. On the one hand, the rate ratios for rheumatoid 
arthritis, asthma, and migraines were almost �at along neighborhood SES, suggesting these sex 
differences were almost purely biologically constructed. On the other hand, we observed some SES 
gradients in rate ratio. MS, lupus, and dysthymic disorder had SES gradients favoring the poor: the 

TABLE 9.4
Annualized Prevalence for Selected Disease by Sex and Poverty

Males Females

 Low Pvt Mid-Pvt High Pvt Low Pvt Mid-Pvt High Pvt

MS 6.5 7.9 9.9 22.9 24.5 26.6

Lupus 5.5 6.7 8.3 30.5 31.9 34.2

Rheumatoid arthritis 30.6 34.0 39.0 68.1 76.2 85.6

Asthma 47.5 60.4 66.0 113.0 143.2 167.5

Dysthymic disorder 0.9 1.7 2.3 11.2 11.8 11.0

Eating disorder 30.7 25.0 26.4 123.5 120.9 124.7

Migraines 176.8 212.1 287.4 321.8 368.4 545.6

Chronic pain 33.2 40.9 53.2 46.4 62.3 88.1

Obesity 230.7 270.0 282.9 310.9 426.1 564.2

STD/STI 1.7 3.0 4.3 5.2 5.3 13.6

Note:	 Rates are age standardized per 100,000 per year. Diseases are based on one to nine diagnosis codes and 
E-codes for each patient. Pvt, poverty level. Low pvt, census tracts with <5% people under the poverty 
level; mid-pvt, census tracts with >5% and <15% people under the poverty level; high pvt, census tracts 
with >5% people under the poverty level.



143Sex Disparities in Hospitalization

higher the poverty level, the smaller the female and male gap, suggesting that they had either some 
behavioral (dysthymic disorder) or diagnosis (lupus) disparities. Eating disorder, chronic pain, and 
obesity had SES gradients that were less favorable to the poor: those in high-poverty neighborhoods 
had greater female–male gaps than those in low-poverty neighborhoods, suggesting that high-
poverty neighborhoods exert stronger sex effects than low-poverty neighborhoods. Compared to 
men, women are more likely to work part-time, have lower wages, or work from home, all of which 
may create barriers to their access to quality health care, which in turn may increase their onset of 
comorbidity. If they happen to live in poor neighborhoods, diseases with known SES effects would 
take an extra toll on their health.

9.4  ASSESSING HOSPITAL PROCEDURE DISPARITIES

If sex-speci�c comorbidities are highly associated with SES, we would expect SES gradients in 
procedures to be much less apparent, because of variations in access to care and affordability. As 
early as 1975, Wennberg and Gittelsohn showed that geographic variation in surgical procedure 
per capita could be double or triple. The study was expanded later in the Dartmouth Atlas study of 
a Medicare population, which identi�ed a list of procedures likely to vary by region. The list was 
coded according to primary and secondary procedures with some control for diagnosis codes. We 
found that searching for the �rst two (primary and secondary) yielded almost identical results to 
searching for all six procedures on the Dartmouth study list. Hence, we opted to used six procedures 
to search for the list. In addition, we added knee and hip replacements, as well as spinal fusion. Both 
knee and hip replacements have been negatively associated with SES in England (Judge et al., 2010), 
and those with low SES had less access to knee replacement services (Yong et al., 2004). Spinal 
fusion is related to back pain.

First, let’s examine sex difference in procedures (Table 9.5, �rst six columns). In general, males 
tended to have more procedures per 100,000 population than females. Males were more likely to have 
a resection for colon cancer, lower-extremity revascularization, abdominal aortic aneurysm repair, 
coronary angiography, coronary artery bypass grafting, percutaneous coronary interventions, and 
aortic or mitral valve replacement; with the exception of resection for colon cancer, all of these sex 
differences in procedures were strongly aligned with sex-speci�c differences in heart disease.

We should also mention that we included a number of procedures that are not available for both 
sexes, and thus cannot be used for comparing sex differences. Nevertheless, we can assess procedure 
disparities by SES, so that we do not have to exclude those procedures listed on the Dartmouth Atlas. 
For example, radical prostatectomy is for prostate cancer, and it should not be included in gender 
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disparity for obvious reasons. We found that those in poor neighborhoods were much less likely to 
get this procedure. If we look at prostate cancer from the Nebraska Cancer Registry data, we �nd that 
the incidence rate in high-poverty neighborhoods was higher than that in midpoverty neighborhoods. 
By connecting the tabulated information from two sources, we were able to infer that a high prostate 
incidence rate in poor neighborhoods was associated with a low prostatectomy rate.

To help interpret the data, we included two columns in Table 9.5 that divide the high-poverty 
rate by the corresponding low-poverty rate for males and females separately. The results show that 
SES interacted signi�cantly with sex in terms of performed procedures. For males, 10 out of 14 
standard procedure rates were higher in low-poverty neighborhoods than in high-poverty neighbor-
hoods, compared to 3 out of 13 for females. For example, 129 patients per 100,000 individuals had 
a hip replacement in a low-poverty neighborhood; the corresponding number for a high-poverty 
neighborhood was 104. This result is in stark contrast to comorbidity-based analysis (Table 9.3): 
poor neighborhoods had a much higher disease incidence rate than well-off neighborhoods. In other 
words, a high incidence of hospitalization may not lead to a high incidence of procedures, espe-
cially for males. It should also be noted that females tend to be more likely to develop arthritis and 
osteoporosis. Since these diseases are major risk factors for hip fractures and knee deterioration, 
more women used knee replacement and hip replacement services. However, those in high-poverty 
neighborhoods had fewer of those procedures while having higher comorbidities related to arthritis 

TABLE 9.5
Standardized Hospital Procedures for Selected Diseases

 Low Poverty Midpoverty High Poverty H/L H/L

 Male Female Male Female Male Female Male Female

Back surgery 191.3 185.2 171.9 173.2 146.5 169.5 0.77 0.92

Spinal fusion 102.3 118.2 97.3 112.8 84.8 106.2 0.83 0.90

Abdominal aortic 
aneurysm repair

21.2 4.8 22.4 4.1 20.3 5.2 0.96 1.09

Hip replacement, total 
and partial

129.1 152.9 121.2 155.4 104.3 143.0 0.81 0.94

Arthroplasty knee 201.9 277.5 193.9 293.9 156.0 278.5 0.77 1.00

Mastectomy for cancer 24.6 27.9 24.6 1.00

Resection for colon 
cancer

22.8 20.2 22.9 22.5 23.1 22.7 1.01 1.12

TURP for BPH 52.6 45.1 46.6 0.88

Lower-extremity 
revascularization

19.1 8.1 19.4 9.7 25.5 12.6 1.33 1.56

Cholecystectomy 87.3 121.4 89.8 129.9 92.8 151.0 1.06 1.24

Coronary angiography 180.9 108.7 209.0 134.1 227.4 167.7 1.26 1.54

Coronary artery bypass 
grafting

112.3 33.7 116.8 38.8 101.0 40.4 0.90 1.20

Percutaneous coronary 
interventions

252.5 97.9 250.2 111.0 240.4 130.4 0.95 1.33

Radical prostatectomy 50.5 52.0 38.5 0.76

Aortic and mitral valve 
replacement

32.2 14.3 33.7 18.9 28.6 18.3 0.89 1.28

Source:	 The Dartmouth Institute. Variation in surgical procedures. The Dartmouth Atlas of Health Care. http://www.
dartmouthatlas.org/pages/variation_surgery_2. Accessed October 2014. 

Note:	 These procedures were selected according to the Dartmouth Atlas. TURP for BPH, transurethral resection of the 
prostate for benign prostatic hyperplasia; H/L, sex-speci�c ratio between high-poverty and low-poverty rates.

http://www.dartmouthatlas.org/pages/variation_surgery_2
http://www.dartmouthatlas.org/pages/variation_surgery_2
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and osteoporosis, suggesting that either those conditions were less severe or there was an access to 
care issue in these neighborhoods.

9.5  ASSESSING MEASUREMENT CONSISTENCY

There are two measurement issues that deserve our attention: (1) To what extent does the number of 
diagnoses used in calculating comorbidities affect the results? (2) How do the results differ if the unit 
of analysis is incidence rather than individual patients? We raised the �rst issue because we used 9 
diagnosis codes from the 7 years of data, rather than the 25 diagnosis codes from 2007 to 2011. We 
raised the second issue because most HDD are record based without patient-level identi�ers at the 
state level. Consequently, only incidence can be calculated. To answer question (2), we only need 
to run a record-based comorbidity analysis and compare the results with those from Table 9.3. To 
answer question (1), we would have to use 2007–2011 data, which have more diagnosis codes.

As mentioned in the introduction, the morbidity–mortality paradox suggests that women have more 
comorbidities than men, at least in later age (Green and Pope, 1999; Case and Paxson, 2005). Table 9.6 
replicates the analysis in Table 9.1 with 2007–2011 data and compares numbers of comorbidities using 

TABLE 9.6
Number of Comorbidities by Age, Sex, and Poverty: 2007–2011

Male Female

Age Group Low Pvt Mid-Pvt High Pvt Low Pvt Mid-Pvt High Pvt

Based on 9 Diagnosis Codes
<15 2.8 2.7 2.8 2.5 2.5 2.6

15–24 4.6 4.7 4.8 4.5 4.6 4.7

25–34 5.2 5.2 5.4 4.6 4.7 4.8

35–44 5.6 5.9 6.2 5.6 5.6 5.9

45–54 6.5 6.6 6.9 6.4 6.4 6.8

55–64 7.2 7.2 7.4 7.1 7.1 7.4

65–74 8.0 7.8 7.9 7.8 7.7 7.8

75–84 8.4 8.3 8.3 8.3 8.1 8.2

Age ≥ 85 8.7 8.5 8.5 8.6 8.3 8.3

Total 6.3 6.3 6.5 6.2 6.1 6.3

Based on 25 Diagnosis Codes
<15 2.9 2.8 3 2.6 2.6 2.7

15–24 5.1 5.2 5.4 4.7 4.8 4.9

25–34 6 6 6.4 4.9 4.9 5.1

35–44 6.7 7.1 7.7 6.3 6.4 6.9

45–54 8.2 8.3 9.3 7.7 8 8.9

55–64 9.6 9.7 10.6 9.2 9.4 10.3

65–74 11.5 11.2 11.7 10.8 10.6 11.3

75–84 13.2 12.7 12.9 12.2 11.8 12.2

Age ≥ 85 14.4 13.2 13.1 13 12.2 12.3

Total 8.6 8.5 8.9 7.9 7.9 8.3

Note:	 The number of comorbidities is person based. If a patient has three hospitalizations, then 
the one with the largest number of comorbidities during the 5-year period is selected. Pvt, 
poverty level. Low pvt, census tracts with <5% people under the poverty level; mid-pvt, 
census tracts with >5% and <15% people under the poverty level; high pvt, census tracts 
with >5% people under the poverty level.
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25 versus 9 diagnosis codes. The total 1.08 million records between 2007 and 2011 represent about 
0.57 million unique patients. In other words, each patient visited a hospital about twice in the 5-year 
period. Note also that patient population frequencies by sex were 39.33% for males and 60.67% for 
females, which are in proportion to hospitalization incidents by sex. In terms of directional effects, 
the results of the 9 diagnoses versus the 25 diagnoses were the same in terms of sex and SES differ-
ences. The addition of 16 diagnosis codes led to about two more comorbidities on average than for the 
9 diagnosis codes (lower and upper panels of Table 9.6). All the differences between the 25 diagnosis 
codes and the 9 diagnosis codes in the �rst age group were within 0.2. The discrepancies increased 
in older age groups, to 4.6 on average. In general, discrepancies among females were narrower than 
among males, 1.8 versus 2.3 on average, respectively. We can conclude that the discrepancies between 
the two groups of diagnosis codes in the number of comorbidities are large enough if the concern is the 
number of comorbidities. However, if the concern is gender or SES difference, the 9 diagnosis codes 
yielded results with identical directional effects as the 25 diagnosis codes.

We now answer assessment question 2: How do the results differ if the unit of analysis is based 
on records rather than individual patients? It is straightforward to use all the records to repro-
duce Table 9.3 for standard incidence rates. As shown in Table 9.7, even though the standardized 

TABLE 9.7
Standardized Hospitalization Rates: 10 Diseases by Sex and Poverty

Variable Low Pvt Mid-Pvt High Pvt Overall

Males
Heart disease 3,218.3 3,345.3 3,687.6 3,391.5

Cancer 827.6 834.2 884.9 842.9

CLRDs 1,194.1 1,439.0 1,885.3 1,487.9

Stroke 493.3 488.7 581.5 508.9

Unintentional injuries 1,600.5 1,590.9 1,858.3 1,646.7

Alzheimer’s disease 99.8 85.8 94.2 89.7

Diabetes 1,310.4 1,514.0 1,927.9 1,563.7

Kidney diseases 1,072.4 999.8 1,375.0 1,091.6

In�uenza and pneumonia 707.2 858.7 996.5 857.6

Suicide 39.4 45.4 79.2 52.4

At-risk population 186,582 461,535 222,946 871,063

Females
Heart disease 2,293.7 2,472.1 3,044.6 2,556.3

Cancer 607.2 630.6 714.4 642.7

CLRDs 1,171.5 1,354.1 2,136.5 1,491.9
Stroke 407.2 399.2 507.6 423.0

Unintentional injuries 1,580.6 1,586.8 1,943.5 1,658.6
Alzheimer’s disease 121.5 103.9 116.4 109.1
Diabetes 1,043.3 1,345.5 2,098.4 1449.6

Kidney diseases 697.7 692.5 1,083.1 775.3

In�uenza and pneumonia 555.1 705.7 879.6 711.1

Suicide 67.3 77.9 114.4 84.7
At-risk population 190,556 471,163 225,923 887,642

Note:	 Rates are age standardized per 100,000 per year. Diseases are based on nine diagnosis codes 
and the primary E-code for each hospitalization. Pvt, poverty level. Low pvt, census tracts with 
<5% people under the poverty level; mid-pvt, census tracts with >5% and <15% people under 
the poverty level; high pvt, census tracts with >5% people under the poverty level.
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incidence rates are certainly higher than the corresponding prevalence, most directional effects 
pertaining to the male–female comparison and SES gradients are similar to those in Table 9.3. 
However, there are some exceptions. The CLRD rate for females in low- and midpoverty neigh-
borhoods was much less than that for males. The unintentional injury rate for females in midpov-
erty neighborhoods was just slightly lower than that for males. These exceptions re�ect minor 
male–female differences in hospital care-seeking behaviors. By and large, if one does not have 
individual patient identi�cation variables, it is �ne to use incidence-based results when comparing 
gender differences.

9.6  CHAPTER SUMMARY

In this chapter, we attempted to use age-standardized rates to assess gender differences in diseases 
and hospital procedures. In the context of the morbidity–mortality paradox in demography, we 
showed that hospitalization data in general do not support the paradox. Males had more comorbidi-
ties than females, and more males than females were hospitalized for the leading causes of death. 
Moreover, males had higher rates than females for 7 out of 10 leading causes of death comorbidities: 
heart disease, cancer, stroke, unintentional injuries, diabetes, kidney diseases, and in�uenza and 
pneumonia. Females were more likely to have three comorbidities: Alzheimer’s disease, CLRDs, 
and suicide.

In addition, we looked at neighborhood SES within gender difference. We found that SES gra-
dients are often in proportion to sex difference. Patients from high-poverty neighborhoods had 
more comorbidities for both males and females; the only exceptions were the last two age groups, 
where patients from high-poverty neighborhoods tend to have fewer comorbidities for both sexes. 
In all 10 leading causes of deaths, the hospital-based prevalence was higher in high-poverty neigh-
borhoods than in low-poverty neighborhoods. With few exceptions (e.g., Alzheimer’s disease and 
kidney diseases), the above statement is also applicable to mid- to low-poverty disease-speci�c 
comparisons.

In the evaluation of measurement consistency, we found that (1) using 9 diagnosis codes and 25 
diagnosis codes would have almost identical directional effects in gender difference, and (2) using 
incidence rate and prevalence by and large also generated the same directional effects.
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10 Rural–Urban Disparities 
in Hospitalization

10.1  INTRODUCTION

Similar to many rural areas in the United States, young people in rural Nebraska leave for urban 
areas, while many older Nebraskans are aging in place. The relatively small proportion of the 
young and middle-aged causes problems of intergenerational care of the elderly, who might have 
to rely more on themselves or institutions for informal and formal care. Compared to rural areas 
in the southern United States, rural areas in Nebraska have a relatively small number of African 
Americans and other minorities. Although income level is relatively low compared to urban areas, 
not many places in rural Nebraska have extreme poverty, which is de�ned as 20% or more of the 
population living under the federal poverty line.

In this chapter, Douglas, Sarpy, and Lancaster Counties are considered to be in urban areas, 
while the remaining counties are in rural areas. This de�nition corresponds to the de�nition of 
metropolitan counties prior to 2000, requiring that a metropolitan area must have at least 100,000 
residents if its largest urbanized area has <50,000 people. In addition, all major urban hospitals 
are located in these three counties. Based on this de�nition, we have 923,726 (52.5%) and 834,979 
(47.5%) populations, respectively, for urban and rural areas. For the 7-year period from 2005 to 
2011, Nebraska hospitals had 694,116 (50.5%) and 680,465 (49.5%) urban and rural hospitaliza-
tions, respectively. The above number seems to suggest that rural residents, on the whole, had more 
hospitalizations than urban residents, but this may not necessarily be true due to differences in age 
distribution, among others, between rural and urban areas.

Table 10.1 lists population age structure by three poverty levels (<5%, 5%–20%, and >20%) and 
sex for both urban and rural counties. It shows that rural Nebraska had much higher percentages 
of older people, age 65 and older. In the case of females residing in neighborhoods with >20% of 
residents under the poverty line, the share of the elderly age 75+ was doubled, compared to their 
male counterparts in urban areas. Thus, differences in age distributions between rural and urban 
areas would lead us to expect greater hospitalization rates in rural areas if the age effect were not 
controlled. However, if we expect that people from high-poverty areas are more likely to be hospi-
talized, then it is the urban areas that had greater shares of high-poverty populations for both males 
and females. The two forces—age structure and poverty level—seem to work against each other in 
the context of rural–urban differences.

In addition, greater distance to a hospital is often cited as an important barrier to rural health care. 
A study in British Columbia, Canada (Lin et al., 2002), found that the hospitalization rate in each cen-
sus enumeration area followed a bell curve. It was relatively low at the city center. The rate climbed 
rapidly as the distance from the central grew, until about 10–15 kilometers; then the rate gradually 
declined as the distance continued to get farther away from the center. Since the distance to the hos-
pital for each patient–hospital pair has already been built into the public health data infrastructure, it 
is easy to present the average distance to the hospital for rural and urban patients for documentation.

Studies in the United States have found that many quality of care indicators for critical access 
hospitals in rural areas were worse than those for their urban counterparts (Lut�yya et al., 2007). 
However, a study by Ross et al. (2008) found that hospital remoteness was not necessarily linked 
to 30-day readmissions and mortality for three critical care conditions: acute myocardial infarction 
(AMI), heart failure, and pneumonia. Nevertheless, real and perceived quality issues drive many 
rural patients to bypass rural hospitals to seek health care in urban hospitals. Since 1992, the federal 
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government has used Medicare reimbursements and designation of rural critical access hospitals 
to help �nance rural hospitals and provide high-quality hospital care to rural patients. However, 
bypassing rural hospitals to seek care in urban hospitals has been persistent. We wanted to assess 
rural patients whose hospitalizations were in urban hospitals by the listed diseases and conditions. 
Previous studies on rural Medicare patients suggested that younger, male Medicare bene�ciaries 
were more likely to be rural bypassers (Adams et al., 1991). Some studies over speci�c geographical 
areas found that rural residents had a propensity to bypass a rural hospital even after controlling for 
hospital characteristics (Escarce and Kapur, 2009). However, the proportion of bypassers was not 
high ranging from 18% to 64% (Hall et al., 2010). We could presume that patients with functional 
limitations tended to be nonbypassers, but functional limitations cannot be measured from the hos-
pital claims data.

The rest of the chapter is organized as follows. In Section 10.2, we provide an analytical approach. 
In Section 10.3, we present main surveillance results that include rural–urban differences in about 
40 hospitalization categories, rural hospital bypassing rates, and distance to hospitals. We then pres-
ent a case study of rural–urban differences in injuries in Section 10.4. Finally, we summarize the 
chapter with some concluding remarks.

10.2  OUR APPROACH TO MODEL RURAL–URBAN DIFFERENCE

In this chapter, we offer both surveillance and analytical approaches to assess rural–urban health 
disparities. We used the same hospital discharge data (HDD) of 2005–2011 for incidence, the 
ACS 2006–2010 for at-risk-population, and odds ratio presentations. Note that we use the term 

TABLE 10.1
Population Age Structure by Sex and Urban Status

Rural Poverty Level Urban Poverty Level

<5% 5%–20% >20% <5% 5%–20% >20%

Female
Age <35 40.5 41.3 50.3 47.0 49.1 58.4

35–44 12.4 11.6 11.0 15.0 12.5 11.9

45–54 17.3 15.2 13.2 15.2 13.9 12.1

55–64 13.4 12.8 10.5 12.4 11.0 8.5

65–74 8.5 8.9 6.4 5.6 6.5 4.7

Age ≥75 7.9 10.2 8.6 4.8 6.9 4.3

Total N 40,244 335,030 44,606 150,312 218,595 98,855

(9.6) (79.8) (10.6) (32.1) (46.7) (21.1)

Male
Age <35 42.6 44.1 55.1 49.1 53.5 59.1

35–44 12.5 11.9 11.3 15.2 12.9 12.9

45–54 17.1 15.7 12.4 15.1 13.4 12.7

55–64 14.4 13.2 10.3 11.8 10.4 8.7

65–74 7.8 8.2 5.9 5.5 5.4 4.0

Age ≥75 5.6 7.0 5.0 3.3 4.4 2.6

Total N 40,079 331,166 43,854 146,503 210,851 98,610

(9.7) (79.8) (10.6) (32.1) (46.2) (21.6)

Note:	 Poverty distributions by urban status are in parentheses. Three counties are considered urban: 
Douglas, Sarpy, and Lancaster. All other counties are rural.



151Rural–Urban Disparities in Hospitalization

incidence to indicate that records, rather than patients, are the unit of analysis. Since rural–urban 
differences in health status and outcomes are mostly studied in the contexts of access to care, 
we also put an emphasis on this area. Hence, most of our discussions are based on the principal 
diagnosis to admissions rather than comorbidities. We used the �rst two diagnosis codes, or pri-
mary and secondary diagnoses, as the principal diagnosis for admissions. We used the same 40 
diseases or conditions as in Chapter 8. If a listed disease is found in the �rst and second diagnosis 
codes, then we attributed the admission to the disease. We chose this strategy because quite often, 
secondary diagnosis is an important reason for admission. For instance, a fall injury may be the 
primary reason for seeking hospital care, but the patient might be admitted and then treated more 
for heart disease. However, to bridge the �ndings from Chapter 8 and this chapter, we also used 
the same analytical approach from Chapter 8 by searching nine diagnosis codes for a comorbidity 
condition (see Appendix 10A).

In Chapter 8, we estimated a log-rate model using age and sex as control variables. In Chapter 9, 
we surveyed sex difference in disease and used sex explicitly in standard hospitalization estima-
tions. In both chapters, we also included poverty level as a unique dimension for socioeconomic 
status (SES). In this chapter, we add rural–urban status as another dimension to estimate a �ve-way 
log-rate model (age, sex, urban status, disease status, and poverty level).

	 log logDisease Age Sex Poverty Urban status Offset of px( )( ) = + + + + oopulation( ) 	 (10.1)

where disease(x) is the comorbidity incidence or frequency indexed by age group, poverty, and 
urban status. Age group has six categories, and poverty has �ve categories. We only present odds 
ratios for urban with the referent being rural. This model can help us answer the following question: 
When controlling for age, sex, and poverty level, which place of residence had higher hospitaliza-
tion rates for selected diseases and conditions? We estimate this model for each disease or condition.

Furthermore, we need to model neighborhood SES effects for both rural and urban areas explic-
itly. There are two ways to achieve this objective. First, we could do a two-way interaction model 
between urban status and poverty level. However, this method requires knowledge about categorical 
data analysis that is not common in a public health practice setting. Alternatively, we could simply 
estimate two separate models, one for urban areas and the other for rural areas. The model outputs 
for the latter are more straightforward and easier to understand than model outputs from the interac-
tion method. We opted to use the second method by estimating the following model twice, one for 
urban areas and one for rural areas:

	 log Disease Age Sex Poverty Offset log of populationx( )( ) ( )= + + + 	 (10.2)

In this way, model estimates for poverty level (�ve levels) only need to refer to one main effect, and 
we used poverty group 1 (<5%). In addition, we still need to estimate the model in Equation 10.2 
for 40 diseases and for each place of residence category. We realize that something has to give 
when presenting the results. Therefore, we present the contrast between the poorest neighborhood 
category (poverty population >20%) and the least poor (<5%), even though all poverty levels were 
included in our estimations.

10.2.1 D ISTANCE To HoSPITAL

Since all patients within the Nebraska HDD were geocoded to the master address index, and all hos-
pitals were geocoded and updated for biopreparedness, it was straightforward to calculate distance 
to hospital. As we built public health data infrastructure, we had already calculated the great circle 
distance or crow �ying distance to the hospital for each patient and attached this to the enhanced 
Nebraska HDD data. Originally, we attempted to calculate network distance for more than a million 
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records and found that it was not feasible to ef�ciently (computational and geographic information 
system [GIS] resource use) determine road classes and other travel criteria for calculating the shortest 
network distance calculation. However, we did sample 1% randomly and found the ratios between road 
network distance and great circle distance to be 1.19 and 1.07 for urban and rural areas, respectively.

10.2.2  RUrAL HoSPITAL BYPASSEr

Given that each patient and hospital location is known (during the data production stage), it was 
straightforward to assign each patient as a bypasser or not based on the rural–urban county dichot-
omy. First, we assigned each hospital to be an urban or rural hospital. If a hospital is in an urban 
county, it is an urban hospital; otherwise, it is a rural hospital. Since each resident is already assigned 
with urban and rural status, we can tell if a resident is a bypasser or not. A rural bypassing patient is 
de�ned as having to bypass a nearby rural hospital to seek care in an urban hospital.

10.3  RURAL–URBAN HOSPITALIZATION DISPARITY SURVEILLANCE RESULTS

Table 10.2 lists odds ratios for the 40 diseases and conditions based on the models in Equations 10.1 
(�rst column) and 10.2 (the next two columns). The �rst column shows odds ratios of urban versus 
rural. Hence, the interpretation is that controlling for age and poverty, urban patients are more 
likely to have most of the surveyed diseases. Six principal diagnoses causing more hospitalization 
for rural residents were pneumonia, coronary atherosclerosis, nonspeci�c chest pain, fracture of 
neck of femur, appendicitis and other appendiceal conditions, and other fracture. In addition, three 
diagnoses—urinary tract infections, biliary tract disease, and gastrointestinal hemorrhage—had 
no rural–urban difference. The three diagnoses that urban patients were most likely to be admitted 
for were acute and unspeci�ed renal failure, hypertension (HP) with complications and secondary 
HP, and respiratory failure, insuf�ciency, and arrest, and they were all at least 50% more often. The 
three diagnoses that urban patients were least likely to be admitted for were appendicitis and other 
appendiceal conditions, nonspeci�c chest pain, and pneumonia, and they were at least 10% less 
often. Finally, there was a small tendency that urban residents were more likely than rural residents 
to have preventable hospitalizations. Previous literature suggests that rural residents tended to have 
more preventable or ambulatory care sensitive condition (ACSC) hospitalizations due to lack of pri-
mary care (Stranges and Stocks, 2010). This was not the case in Nebraska during the study period.

The last two columns of Table 10.2 present SES odds ratios contrasting poverty group 5 (>20%) 
and poverty group 1 (<5%) separately for urban and rural areas. The results for urban areas showed 
that patients from the poorest neighborhoods were more likely to be admitted to hospitals for most 
diagnoses. Similar to the comorbidity model in Chapter 8, diagnoses responsible for hospitaliza-
tions were clustered around mental health (e.g., schizophrenia and other psychotic disorders, sub-
stance-related disorders, and alcohol-related disorders) and ambulatory sensitive conditions such as 
diabetes, HP, and asthma. While rural areas had much weaker and fewer signi�cant SES effects, 
among the 17 signi�cant SES effects, those clustered around mental health were strong. In addi-
tion, 12 odds ratios had inverse SES effects, or those residing in the poorest rural neighborhoods 
were less likely to be admitted than those from well-off rural neighborhoods. The top three effects 
were for secondary malignancies, syncope, and osteoarthritis, and they were all 20% less often. 
Implicitly, the opposite rural SES disparities suggest that rural patients living in the poorest areas 
were either less likely to have these conditions or less likely to seek hospital care due to distance and 
other barriers (e.g., access to quality care).

There were some examples where distance could be a critical factor for the rural poor. AMI 
requires timely critical care, while renal disease requires dialysis services that are more accessible 
in urban areas. Both AMI and renal failure were less likely for the rural poor than for the rural 
well-off neighborhoods, and both were more common in urban areas and for the urban poor. In 
Chapter 8, we showed that AMI in poor neighborhoods (poverty group 5) was 37% more likely 
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TABLE 10.2
Rural and Urban Differences in Principal Diagnoses for Hospitalization

Poverty Level 5 vs. Level 1

Diagnosis Urban/Rural Urban Rural

All hospitalizations 1.08 (1.08, 1.09) 1.57 (1.56, 1.58) 1.04 (1.03, 1.05)

Pneumonia 0.86 (0.84, 0.87) 1.87 (1.81, 1.93) 1.09 (1.04, 1.14)

Osteoarthritis 1.04 (1.01, 1.06) 0.9 (0.86, 0.93) 0.75 (0.7, 0.8)

Congestive heart failure 1.09 (1.07, 1.11) 1.88 (1.81, 1.95) 1.06 (1.01, 1.12)

Septicemia (except in labor) 1.4 (1.36, 1.43) 1.76 (1.68, 1.85) 0.86 (0.79, 0.93)

Mood disorders 1.32 (1.29, 1.34) 2.39 (2.32, 2.47) 1.62 (1.53, 1.72)

Cardiac dysrhythmias 1.02 (1, 1.04) 1.21 (1.17, 1.26) 0.95 (0.9, 1)

COPD and bronchiectasis 1.09 (1.08, 1.11) 2.64 (2.55, 2.74) 1.18 (1.12, 1.25)

Back problems 1.06 (1.04, 1.09) 1.04 (0.99, 1.09) 0.84 (0.78, 0.91)

Skin and subcutaneous tissue infections 1.03 (1.01, 1.06) 2.19 (2.09, 2.3) 1.17 (1.09, 1.27)

Coronary atherosclerosis 0.95 (0.93, 0.97) 1.39 (1.34, 1.45) 0.94 (0.89, 1)

Urinary tract infections 1.01 (0.99, 1.04) 1.81 (1.74, 1.88) 1 (0.94, 1.06)

Nonspeci�c chest pain 0.87 (0.84, 0.89) 2.48 (2.35, 2.63) 1.19 (1.09, 1.29)

AMI 1.07 (1.04, 1.1) 1.64 (1.55, 1.73) 0.91 (0.83, 0.99)

Acute cerebrovascular disease 1.23 (1.19, 1.26) 1.8 (1.7, 1.91) 0.94 (0.86, 1.03)

Diabetes mellitus with complications 1.34 (1.3, 1.38) 3.22 (3.04, 3.4) 1.32 (1.19, 1.46)

Biliary tract disease 0.98 (0.95, 1.01) 1.38 (1.3, 1.47) 0.96 (0.87, 1.05)

Fluid and electrolyte disorders 1.04 (1.02, 1.06) 1.7 (1.65, 1.75) 1.11 (1.06, 1.17)

Asthma 1.08 (1.05, 1.12) 2.68 (2.54, 2.83) 1.61 (1.46, 1.78)

Schizophrenia and other psychotic disorders 1.31 (1.27, 1.35) 8.02 (7.5, 8.58) 2.9 (2.58, 3.27)

Acute and unspeci�ed renal failure 1.9 (1.85, 1.94) 2.13 (2.05, 2.22) 0.8 (0.74, 0.86)

Respiratory failure, insuf�ciency, arrest 1.57 (1.53, 1.61) 2.46 (2.35, 2.58) 1.02 (0.94, 1.11)

Gastrointestinal hemorrhage 0.98 (0.95, 1.01) 1.84 (1.73, 1.96) 0.96 (0.87, 1.05)

Intestinal obstruction without hernia 0.96 (0.93, 0.98) 1.26 (1.19, 1.34) 1.12 (1.03, 1.22)

Pancreatic disorders (not diabetes) 1.07 (1.03, 1.11) 2.11 (1.97, 2.26) 1.11 (0.99, 1.25)

Diverticulosis and diverticulitis 1.06 (1.02, 1.1) 1.1 (1.01, 1.19) 0.86 (0.76, 0.97)

Fracture of neck of femur (hip) 0.92 (0.89, 0.96) 1.23 (1.14, 1.34) 0.82 (0.74, 0.91)

Epilepsy, convulsions 1.15 (1.11, 1.19) 2.6 (2.44, 2.76) 1.25 (1.12, 1.4)

Appendicitis and other appendiceal conditions 0.88 (0.84, 0.92) 1.08 (0.99, 1.17) 1.01 (0.89, 1.15)

Alcohol-related disorders 1.04 (1.01, 1.08) 3.21 (3.02, 3.41) 2.89 (2.59, 3.23)

Fracture of lower limb 1.08 (1.04, 1.13) 1.77 (1.64, 1.91) 0.87 (0.76, 0.99)

Other nervous system disorders 1.39 (1.35, 1.43) 1.53 (1.45, 1.62) 1.05 (0.95, 1.16)

Syncope 1.21 (1.16, 1.26) 1.38 (1.26, 1.5) 0.79 (0.68, 0.92)

Substance-related disorders 1.33 (1.28, 1.39) 3.36 (3.13, 3.62) 1.8 (1.56, 2.08)

Intracranial injury 1.16 (1.1, 1.21) 1.76 (1.61, 1.91) 0.99 (0.85, 1.14)

HP with complications and secondary HP 1.62 (1.56, 1.68) 3.08 (2.89, 3.28) 1 (0.88, 1.13)

Other fractures 0.96 (0.93, 1) 1.25 (1.16, 1.35) 0.87 (0.78, 0.98)

Intestinal infection 1.11 (1.06, 1.16) 1.4 (1.29, 1.51) 0.94 (0.83, 1.07)

Secondary malignancies 1.25 (1.21, 1.29) 1.23 (1.17, 1.31) 0.79 (0.72, 0.87)

Anemia 1.06 (1.03, 1.09) 1.76 (1.66, 1.86) 0.93 (0.85, 1.02)

ACSCs 1.01 (1, 1.02) 2.03 (1.99, 2.07) 1.14 (1.11, 1.17)

Note:	 Reason for admission is based on the primary and secondary diagnosis codes only. Except for Douglas, Sarpy, and 
Lancaster Counties, all counties were rural.
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to be found among hospitalized patients than those coming from poverty group 1 neighborhoods. 
However, in terms of seeking care for AMI, in Table 10.2, we found that urban residents in poverty 
group 5 were 64% more likely, while rural residents were 9% less likely to have AMI hospitaliza-
tions. This result has a number of implications. It could be that the rural poor were less likely to have 
an AMI than the rural “rich.” It could also be that the rural poor who had AMIs did not go to the 
hospital, either rural or urban, which would cause selection bias in our HDD.

In the surveillance context, we intended to document the proportions of rural bypassing incidents 
by some poverty levels. Table 10.3 shows proportions of bypassers for rural patients. The bypassing 
(rural hospital) rates ranged from 12.9% to 46.5%, with an overall rate of 26.3%. Diagnoses that 
had above 40% bypassing rates include AMI, coronary atherosclerosis, secondary malignancies, 
respiratory failure, insuf�ciency, arrest, back problems, and intracranial injury. Diagnoses that had 
<15% bypassing rates include pneumonia, appendicitis and appendiceal conditions, urinary tract 
infections, asthma, chronic obstructive pulmonary disease (COPD), and bronchiectasis. It is obvi-
ous that high bypassing rates are for more serious diseases and injury, while the low bypassing rates 
are for less serious diseases. Note that these bypassing rates are revealed rates. Not included were 
patients who might wish to bypass a rural hospital but cannot afford travel and other costs associ-
ated with bypassing hospital care.

When we compared the bypassing rates between the poorest and the well-off neighborhoods 
in rural areas, we found that patients from the well-off rural neighborhoods tend to have much 
higher bypassing rates. The overall bypassing rate for the well-off neighborhood category was 
47.68% compared to 18.69% for the poorest neighborhoods. The top bypassing rate was 72%, which 
was for back problems (spondylosis, intervertebral disk disorders, and other back problems) in the 
least poor neighborhood category, which was followed by intracranial injury (67%) and secondary 
malignancies (66%). For the poorest neighborhood category, the lowest three are appendicitis and 
appendiceal conditions (4.82%), asthma (9.18%), and pneumonia (9.91%), respectively. In all select 
diagnoses, the bypassing rates were about 20% higher in the least poor than in the poorest neigh-
borhood category. It almost made us wonder if the huge bypassing rate difference was caused by a 
locational difference between the rich and poor neighborhoods, as many least poor people live in 
exurbia and, in our context, could be counties adjacent to urban counties. However, we performed 
some sensitivity analysis by including four adjacent counties that form the greater Omaha–Lincoln 
metropolitan area. The result does not make much difference, suggesting that the income barrier, 
rather than the distance, caused SES differences in bypassing rates.

To further con�rm our interpretation of poverty effects, we used mean crow �ying distance to 
the hospital for each diagnosis (Table 10.4). As expected, the mean distance to the hospital for urban 
patients, overall, was 6 miles, compared to 29 miles for rural patients. For rural patients, a long dis-
tance to the hospital was associated with those diseases that had a greater rural hospital bypassing 
rate. This implies that if a disease condition required more coordinated hospital care, rural residents 
were willing to travel a greater distance to seek the care, which often meant urban hospital care. In 
fact, when we used the overall distance to the hospital for rural patients (�rst column of Table 10.4) 
to correlate with the overall bypassing rate, we had a 0.91 (p < 0.01) correlation coef�cient. This 
suggests that distance had a very strong in�uence on the bypassing rates; the greater the distance, 
the greater the bypassing rate.

However, the distance and bypassing rate relationship in the context of disease severity cannot 
be used to explain differences in bypassing rates between poverty groups 1 and 5. The low-poverty 
group 1 (<5%), which had a greater bypassing rate (see Table 10.3) and greater mean distance (22 
miles) than the high-poverty group (18-mile distance), also had greater bypassing rates regardless 
of disease or condition codes (see Table 10.3). If a short distance to the hospital is associated with 
a greater bypassing rate, then poverty group 5 would have had higher bypassing rates than poverty 
group 1.

We present surveillance results for rural–urban difference in readmission in Table 10.5, which 
uses the same modeling strategy presented in Table 10.3. The �rst column is urban–rural difference 
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TABLE 10.3 
Rural Hospital Bypassers by Poverty Status for Rural Patients

Overall Poverty <5% Poverty >20%

Primary and Secondary Diagnoses % Total N % Total N % Total N

All hospitalizations 26.33 680,465 47.68 57,823 18.69 65,045

Pneumonia 12.91 57,518 28.14 3,806 9.91 4,206

Osteoarthritis 32.38 53,710 54.99 2,393 20.77 1,642

Congestive heart failure 25.58 71,465 40.59 3,131 18.22 3,244

Septicemia (except in labor) 29.37 17,225 41.09 1,280 23.07 1,088

Mood disorders 33.56 66,465 61.93 1,584 23.28 3,084

Cardiac dysrhythmias 27.30 95,542 42.54 2,948 19.51 2,748

COPD and bronchiectasis 14.68 72,940 35.25 2,397 10.18 2,673

Back problems 45.86 36,333 72.05 1,481 33.42 1,197

Skin and subcutaneous tissue infections 18.24 19,872 41.05 1,201 15.96 1,410

Coronary atherosclerosis 43.94 112,075 62.91 2,650 34.80 2,256

Urinary tract infections 14.25 46,420 28.02 2,027 10.57 2,194

Nonspeci�c chest pain 18.49 18,801 38.04 970 13.77 1,060

AMI 41.90 15,525 57.43 1,184 32.27 1,001

Acute cerebrovascular disease 25.01 11,735 45.90 1,011 19.66 941

Diabetes mellitus with complications 22.16 21,197 50.37 671 16.82 898

Biliary tract disease 27.16 15,012 47.78 902 19.12 884

Fluid and electrolyte disorders 15.11 99,598 35.05 2,990 10.60 3,492

Asthma 14.42 28,626 39.35 648 9.18 1,100

Schizophrenia and psychotic disorders 21.21 12,091 42.15 363 16.87 1,144

Acute and unspeci�ed renal failure 38.43 24,656 55.23 1,405 31.27 1,084

Respiratory failure, insuf�ciency, arrest 45.58 23,715 57.82 1,119 36.26 1,095

Gastrointestinal hemorrhage 18.17 13,762 34.78 854 13.97 809

Intestinal obstruction without hernia 18.93 19,089 38.92 1,015 14.50 1,117

Pancreatic disorders (not diabetes) 22.54 7,523 43.03 509 10.22 558

Diverticulosis and diverticulitis 17.83 13,551 40.88 565 11.51 469

Fracture of neck of femur (hip) 23.53 9,598 33.94 766 21.30 676

Epilepsy, convulsions 30.10 16,693 52.26 532 22.58 713

Appendicitis and appendiceal conditions 13.70 4,657 41.29 402 4.82 477

Alcohol-related disorders 18.93 17,554 48.08 416 10.34 1,277

Fracture of lower limb 27.78 6,764 51.93 491 24.21 442

Other nervous system disorders 32.68 38,781 56.87 735 25.52 776

Syncope 18.11 8,246 40.32 372 13.90 295

Substance-related disorders 23.31 11,961 48.91 274 15.10 596

Intracranial injury 46.46 5,492 67.25 345 40.32 372

HP with complications and secondary HP 37.53 33,698 54.33 497 31.42 487

Other fractures 25.81 10,252 50.16 620 18.34 567

Intestinal infection 18.13 7,676 36.49 485 16.94 484

Secondary malignancies 44.06 16,823 65.54 1,007 33.47 738

Anemia 19.89 67,325 37.47 942 12.60 897

ACSCs 16.67 224,503 36.43 8,617 12.54 9,983

Note:	 Reason for admission is based on the primary and secondary diagnosis codes only. Except for Douglas, Sarpy, and 
Lancaster Counties, all counties were rural.
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TABLE 10.4
Average Travel Distance (Miles) to Hospital by Disease and Residence Location

Overall Poverty <5% Poverty >20%

Primary and Secondary diagnoses Rural Urban Rural Urban Rural Urban

All hospitalizations 29 6 22 7 18 4

Pneumonia 20 5 14 7 10 4

Osteoarthritis 32 6 24 7 19 5

Congestive heart failure 26 5 19 7 14 4

Septicemia (except in labor) 34 5 18 7 19 4

Mood disorders 32 6 30 10 30 6

Cardiac dysrhythmias 31 5 19 7 17 4

COPD and bronchiectasis 24 5 15 6   9 4

Back problems 36 6 38 8 32 5

Skin and subcutaneous tissue infections 24 5 17 7 12 4

Coronary atherosclerosis 36 5 32 7 30 4

Urinary tract infections 23 5 12 7 10 4

Nonspeci�c chest pain 23 5 16 7 12 3

AMI 43 5 29 6 27 4

Acute cerebrovascular disease 28 5 21 7 17 4

Diabetes mellitus with complications 29 5 22 7 18 4

Biliary tract disease 32 6 19 7 21 5

Fluid and electrolyte disorders 25 5 14 7 12 4

Asthma 28 6 18 7 11 4

Schizophrenia and psychotic disorders 27 6 26 10 26 6

Acute and unspeci�ed renal failure 38 5 22 7 26 4

Respiratory failure, insuf�ciency, arrest 39 5 26 7 27 4

Gastrointestinal hemorrhage 23 5 14 6 13 4

Intestinal obstruction without hernia 29 6 16 7 10 5

Pancreatic disorders (not diabetes) 30 5 19 7 13 4

Diverticulosis and diverticulitis 22 5 14 6 10 4

Fracture of neck of femur (hip) 29 5 12 6 16 4

Epilepsy, convulsions 33 6 26 9 26 5

Appendicitis and appendiceal conditions 20 6 17 7   7 4

Alcohol-related disorders 31 6 26 11 19 5

Fracture of lower limb 34 6 20 7 26 5

Other nervous system disorders 33 6 26 8 27 5

Syncope 24 5 15 6 12 3

Substance-related disorders 32 7 20 11 23 6

Intracranial injury 46 7 37 9 33 6

HP with complications and secondary HP 38 5 24 7 26 3

Other fractures 32 6 25 7 19 5

Intestinal infection 25 6 15 7 14 4

Secondary malignancies 41 6 34 8 33 5

Anemia 30 5 19 7 15 4

Preventable ACSCs 27 5 16 7 12 4

Note:	 Travel distance is based on Euclidean distance. Except for Douglas, Sarpy, and Lancaster Counties, all counties 
were rural.



157Rural–Urban Disparities in Hospitalization

controlling for age, sex, and poverty. Columns 2 and 3 are poverty contrasts for separate urban and 
rural readmission models controlling for age and sex. Overall, urban patients were more likely to be 
readmitted for 12 diagnoses, while they had a reduced chance for “other fracture.” There were 13 
signi�cant diagnoses for the poverty contrast in urban areas, all in the expected directional effects 
except the fracture of lower limb. In contrast, only three diagnoses were signi�cant in rural areas 
(AMI, complications of surgical procedures, and HP with complications and secondary HP).

To brie�y summarize, we found that urban residents were more likely to be hospitalized for the 
listed diagnoses. The urban SES effects were mostly consistent with the overall SES disparities in 
hospitalization found in Chapter 8. The SES effects for rural areas were mixed. Diagnoses related 
to mental health and preventable ambulatory sensitive conditions tended to have SES effects consis-
tent with those in urban areas. Some reversed SES effects require further studies. Some diagnoses 

TABLE 10.5
Model-Based 30-Day Readmission Estimates (Odds Ratios) by Rural–Urban and 
Poverty Level (5 vs. 1)

Principal Diagnosis Urban vs. Rural Urban Pvt5 Rural Pvt5

Pneumonia 1.119 (1.029, 1.217) 1.076 (0.905, 1.279) 1.027 (0.812, 1.298)

Congestive heart failure, 
nonhypertensive

1.132 (1.046, 1.225) 1.158 (0.988, 1.359) 0.919 (0.729, 1.16)

Septicemia (except in labor) 1.233 (1.039, 1.463) 0.928 (0.675, 1.277) 0.77 (0.448, 1.324)

Mood disorders 1.129 (1.023, 1.247) 1.591 (1.352, 1.871) 0.996 (0.729, 1.362)

Cardiac dysrhythmias 1.022 (0.918, 1.138) 1.521 (1.197, 1.932) 1.068 (0.79, 1.443)

COPD and bronchiectasis 1.146 (1.046, 1.257) 1.34 (1.115, 1.611) 1.106 (0.838, 1.459)

Skin and subcutaneous tissue 
infections

1.072 (0.893, 1.287) 1.598 (1.132, 2.257) 1.535 (0.915, 2.576)

Nonspeci�c chest pain 1.19 (0.87, 1.627) 1.831 (1.045, 3.209) 1.125 (0.342, 3.7)

AMI 0.852 (0.659, 1.102) 1.567 (0.93, 2.642) 3.225 (1.545, 6.735)

Acute cerebrovascular disease 0.998 (0.764, 1.303) 0.495 (0.291, 0.844) 0.84 (0.435, 1.623)

Diabetes mellitus with 
complications

1.077 (0.891, 1.303) 1.497 (1.074, 2.088) 1.893 (0.945, 3.793)

Biliary tract disease 0.81 (0.638, 1.029) 1.131 (0.713, 1.793) 1.026 (0.497, 2.118)

Asthma 0.913 (0.718, 1.16) 1.535 (1.003, 2.349) 1.066 (0.479, 2.371)

Schizophrenia and other 
psychotic disorders

1.02 (0.861, 1.208) 1.469 (1.067, 2.022) 1.157 (0.658, 2.035)

Acute and unspeci�ed renal 
failure

1.24 (1.078, 1.427) 1.234 (0.984, 1.548) 0.686 (0.422, 1.115)

Respiratory failure, 
insuf�ciency, arrest 

1.425 (1.208, 1.681) 1.549 (1.183, 2.03) 1.361 (0.816, 2.27)

Gastrointestinal hemorrhage 0.937 (0.739, 1.189) 1.614 (0.985, 2.644) 0.961 (0.486, 1.901)

Fracture of lower limb 1.487 (1.001, 2.209) 0.49 (0.242, 0.992) 0.721 (0.233, 2.228)

HP with complications and 
secondary HP

1.02 (0.788, 1.32) 1.872 (1.217, 2.879) 5.53 (1.201, 25.456)

Other fractures 0.597 (0.367, 0.969) 0.582 (0.184, 1.843) 1.34 (0.405, 4.437)

Intestinal infection 1.403 (1.102, 1.787) 1.052 (0.649, 1.705) 0.89 (0.413, 1.917)

Anemia 0.829 (0.64, 1.074) 1.091 (0.595, 2.002) 1.168 (0.545, 2.503)

Avoidable hospitalization 1.011 (0.961, 1.064) 1.373 (1.241, 1.519) 1.105 (0.953, 1.28)

Complication of device 1.195 (1.033, 1.381) 1.154 (0.893, 1.492) 1.165 (0.731, 1.858)

Complications of surgical 
procedures

1.018 (0.895, 1.157) 1.414 (1.114, 1.796) 1.088 (0.759, 1.559)

Note:	 Only signi�cant results are included.
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that had a reverse SES effect, such as AMI or renal failure, can be explained by lack of quality and 
timely care for the poor in rural hospitals. One may ascribe some of the differences to the compo-
sition effects, as there are not many census tracts in rural areas that are extremely poor (>20% of 
people under poverty) and very well off (<5%). However, it could also be that some broader income 
differences are at work too. An income of $20,000 for a family of four has quite different meanings 
for rural and urban families.

10.4  CASE STUDY: RURAL–URBAN INJURY SURVEILLANCE

Many risk factors in rural areas are different from factors in urban areas (Hartley, 2004), yet few 
studies have systematically surveyed along the poverty line. Injuries, intentional or unintentional, 
are the top �ve leading causes of death in the United States. It is known that injuries are common 
in rural areas, especially nonfatal injuries. Previous studies have examined motor vehicle injury 
in Nebraska (Zhang and Lin, 2013). However, besides motor vehicle crash (MVC) injuries, little 
is known about other injuries between rural and urban areas in Nebraska. We conducted this case 
study for three reasons. First, disease surveillance showed that rural areas had a slightly higher 
crude hospitalization rate. When age, sex, and poverty variables were put into the surveillance 
model, rural areas were less likely to have hospitalizations for most disease and diagnosis condi-
tions. Most people treat age effects as confounders that cause a distortion of the association between 
an exposure, in our case rural–urban, and an outcome, in our case a disease-speci�c hospitalization 
rate. If we purely treated age as a confounder, then we would simply acknowledge the effect from 
the fact that rural areas had substantially more elderly people (shown in Table 10.1), who were more 
likely to be hospitalized for a set of diseases due to the age effect. In public health practice, age 
effects should be explicitly documented, even though our main interest is rural–urban difference. In 
this way, people can target speci�c age groups for intervention.

The second reason for this case study is the use of E-codes, or external injury codes. So far, 
we have not used E-codes, which are quite different from International Classi�cation of Diseases, 
Ninth Revision (ICD-9) codes. The external cause of injury codes (E-codes) describe the force that 
causes the injury (e.g., fall, motor vehicle traf�c [MVT] accident, or poisoning) and the intent of 
the injury, intentional or unintentional (e.g., if the injury is in�icted purposefully). In other words, 
an E-code describes how an injury occurred and if it was accidental or intentional. Although a 
patient can be admitted for heart attack, the cause might be a fall injury. E-codes, which are also 
based on ICD codes, can be found separately in the HDD. E-codes can have six digits, including the 
beginning E and 1 decimal place. In practice, the decimal is often omitted, leaving only �ve digits, 
with the �rst four digits being most frequently used. In addition, a secondary or third E-code also 
identi�es the place of injury (i.e., the four-digit place of occurrence E-code is E849, which ignores 
the last digit). E-codes are used to classify injury incidents by mechanism (e.g., MVC, fall, struck 
by or against, adverse medical or drug effects) and intent (e.g., unintentional, self-in�icted, assault, 
or undetermined). Documenting injuries via E-codes can help area health agencies identify major 
injuries and design injury prevention strategies. It should be mentioned even though other fractures 
can be a primary diagnosis for hospitalization. An E-code associated with the fracture injury can 
never be used as the primary diagnosis. In this regard, E-codes are supplemental to ICD-9 diagnosis 
codes.

The third reason for this case study is to broaden injury surveillance not only for injury cat-
egories, but also for SES. Injuries, according to E-codes, can be divided into more than 20 major 
categories. According to the Centers for Disease Control and Prevention (CDC) injury matrix, 
major unintentional or accidental injuries include cut or pierce, drowning or submersion, fall, �re 
or �ame, hot object or substance, �rearm, machinery, MVT, pedal cyclist or pedestrian and other 
transport, natural environment, bites and stings, struck by or against, poisoning, and other speci-
�ed accidental injuries. Major intentional injuries include assaults or purposely in�icted injury, 
adverse effects due to drugs, adverse effects due to medical care (e.g., medical procedures as the 
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cause of an abnormal reaction or later complication), suicide or self-in�icted, and assault. In the 
current surveillance, we classify them into 10 categories and assess them according to rural–urban 
and neighborhood SES jointly. Since prior assessments rarely bring neighborhood SES and rural–
urban dimensions together at the population level, surveillance along these two lines that consid-
ers the whole state over a suf�cient period of time may shed new insight into preventing injury 
hospitalization.

Tiesman et al. (2007) used the National Health Interview Survey to examine injuries by place of 
residence. They used county-based nine-level urban in�uence codes (UICs) to group respondents 
into large urban (population >1 million), small urban (population <1 million), large rural (adja-
cent to a metro or UICs 3–6), and small rural (UICs 7–9). Using injury episodes or incidence, the 
study found that small rural residents had a 26% higher injury rate than large urban residents. The 
study, however, did not differentiate injury categories. Coben et al. (2009) examined rural–urban 
differences in nine injury categories: unintentional (fall, motor, poisoning), self-in�icted (poison-
ing, cut or pierce, �rearm), and assault (struck by or against, �rearm, cut or pierce). They used the 
Nationwide Inpatient Sample (NIS) of the Healthcare Cost and Utilization Project (HCUP) and the 
same four rural–urban categories as Tiesman et al. It was found that patients in the small rural cat-
egory had the highest risks of unintentional injuries contributed mainly by MVCs; those in the small 
rural category also had the highest risk of self-in�icted injuries, while the large urban category had 
the highest risk in assault injuries. Since the largest metro area in Nebraska has a population of 
<500,000, the urban area in our de�nition is small urban in these studies. The current study would 
not be able to further divide rural into two categories due to sample size and potential con�dential-
ity concerns, so we kept the two categories that we used in this chapter. For this reason, we also 
want to put Tieman et al.’s results in reference to small urban, where the elevated rate for small rural 
would be 16% higher. If we combine large rural and small rural into rural, similar to our study, the 
elevated rate would be 12%. The elevated rates for unintentional injury in general and fall in par-
ticular would be 23% and 12%, respectively, in Coben et al.’s study.

Since the national studies found fairly consistent results, we did not want to use local data to 
make a comparison. Rather, we wanted to see how age and poverty may affect the incidence rate. 
As mentioned earlier, crude disease rates tend to be higher in rural areas, but the age-adjusted 
rates were higher in urban areas. To show age effects on the rural–urban difference in injuries, 
we ran three models for 10 injury categories, with the �rst 7 being unintentional. In model I, we 
included controls for sex and then evaluated rural–urban differences. In model II, we added age 
to model I, and in model III, we added poverty to model II. During the study period, there were 
222,253 hospitalizations that were associated with the primary E-codes, and they accounted for 
16.17% of total in-state residents’ hospitalizations. We used 10 injury categories (Table  10.6), 
where “all unintentional” overlaps with categories from MVT to poisoning. The all unintentional 
category, together with the self-in�icted, assault, and adverse effects—drugs and medical injury 
categories, accounts for 99.4% of 222,253 hospitalizations. In terms of speci�c injury categories, 
fall is the single most important unintentional injury category, whereas adverse effects due to 
drug or medical care is the most dominant injury category. However, this latter category is rarely 
considered injury from the public health point of view because it does not have a clear indication 
of whether it is accidental.

The results from model I showed that 6 out of the 10 categories were much less likely to hap-
pen in urban areas than in rural areas. The opposites included accidental poisoning, self-in�icted 
injuries, and assaults. However, when we introduced model II, 7 out of the 10 categories were much 
more likely to happen in urban areas. What remain unchanged included MVT injuries, other traf�c-
related injuries (cyclist, pedestrian, or other transportation), and natural environment, bites and 
stings, struck by or against. For example, all unintentional injuries were 19% less likely in urban 
than in rural areas according to model I, and they were 9% more likely in model II; fall injuries were 
27% less likely in urban areas in model I, and they were 11% more likely in model II. The reversal in 
rural–urban effects in model II is expected, as rural areas had much higher proportions of older age 
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categories. It implicitly suggests that if we want to reduce injury hospitalization, we need to bring 
down injuries associated with aging. Since the inclusion of poverty in model III yielded more or less 
the same effects as in model II, we will not describe the results here, but leave them as references 
for later use.

We suspected that age distributions between rural and urban areas play an important role in 
altering rural–urban effects in Table 10.6. In Table 10.7, we made age effects explicitly based on 
model III outputs in Table 10.6 for each injury group. Recall that the effects of MVT injury were 
consistent with and without controlling for age; this is because the age effects were similar at both 
ends. If we were to use the middle-age 45–54 category as the reference, the age effects would be 
symmetrically similar toward both younger and older age groups. Since urban areas have more 

TABLE 10.6
Urban–Rural Odds Ratios for E-Codes by Different Control Effects

% of Total Model I Model II Model III 

All unintentional 38.71 0.81 (0.8, 0.82) 1.09 (1.07, 1.1) 1.1 (1.08, 1.12) 

MVT 3.23 0.82 (0.78, 0.86) 0.83 (0.8, 0.87) 0.84 (0.8, 0.89) 

Other traf�c related 1.13 0.49 (0.46, 0.54) 0.51 (0.47, 0.55) 0.53 (0.48, 0.58) 

Fall 21.24 0.73 (0.72, 0.75) 1.11 (1.09, 1.13) 1.12 (1.09, 1.14) 

Unintentional–cut or pierce 0.38 0.99 (0.86, 1.14) 1.01 (0.88, 1.16) 1.02 (0.88, 1.19) 

Natural environment, bites, struck by 2.26 0.73 (0.69, 0.78) 0.84 (0.79, 0.89) 0.83 (0.78, 0.88) 

Unintentional—poisoning 1.55 1.2 (1.12, 1.28) 1.35 (1.26, 1.44) 1.36 (1.27, 1.46) 

Self-in�icted 3.64 1.55 (1.48, 1.62) 1.38 (1.32, 1.44) 1.38 (1.32, 1.45) 

Assault 1.16 2.82 (2.58, 3.09) 2.63 (2.4, 2.88) 2.37 (2.15, 2.6) 

Adverse effects—drugs and medical 55.89 0.99 (0.98, 1) 1.3 (1.29, 1.32) 1.32 (1.3, 1.33) 

Note:	 % of total, percent of total 222,253 injury-related hospitalization incidents. Model I includes sex and urban indicator 
only. Model II includes age group, sex, and urban indicator. Model III includes age group, sex, poverty level, and 
urban indicator. Each injury group was modeled separately. 

TABLE 10.7
Age Effects in Odds Ratio for 10 Injury Groups

Injury Categories 15–24 25–34 35–44 45–54 55–64 65–74 75+ 

Unintentional 2.20 1.93 2.54 3.45 4.84 9.87 34.51 

MVT injury 5.85 3.78 3.41 3.16 3.27 3.80 5.93 

Other traf�c related 1.69 1.35 1.58 1.95 1.78 1.80 1.74 

Fall injury 1.40 1.63 2.95 5.28 9.80 25.05 112.71

Unintentional—cut or 
pierce

2.49 2.33 2.72 2.48 2.33 3.20 3.54 

Natural environment, bites, 
struck by

1.45 1.03a 1.29 1.48 1.77 2.64 5.66 

Unintentional—poisoning 1.83 1.57 2.26 3.28 2.96 4.11 6.82 

Self-in�icted 12.17 8.28 8.87 6.31 2.43 1.28 1.06a 

Assault 6.52 4.44 3.78 2.78 1.12a 0.90a 0.63 

Adverse effects—drugs and 
medical

1.36 2.06 3.56 6.08 10.24 21.32 33.45 

Note:	 The age referent is age 0–14. Model estimates were based on age group, sex, poverty level, and urban 
indicator. Each injury group was modeled separately. 

a	 Not signi�cant at p < 0.05. 
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younger age population, and rural areas have more older population, the effects along age tend to 
cancel each other out symmetrically according to differences in rural–urban population age distri-
butions. Consequently, the odds ratios for models I and II are very similar for MTV in Table 10.6. 
Injuries due to fall, on the other hand, were extremely disproportionally attributed to aging. In the 
age groups 55–65, 65–74, and 75+, the odds ratios disproportionally increased from 9.80 to 112.71, 
which essentially represents age effects, which explains the rural–urban effect reversals between 
models I and II in Table 10.6. We should mention that fall is the most commonly seen unintentional 
injury. The 10 times or more injuries in older age categories (age 55+) suggest that we really need 
to concentrate on where older people live, especially in rural areas, for fall prevention. In contrast 
to fall, self-in�icted injury is a commonly cited intentional injury, and it had an age effect tipping 
toward young age groups, where urban areas tend to have more for both those injuries and younger 
age populations. Controlling for age in model II substantially reduced their effects, especially for 
self-in�icted injuries. This suggests that we need to concentrate on younger age groups, especially 
in urban areas, for intentional injury prevention. Between the two extremes—fall and self-in�icted 
injuries—speci�c age effects in odds ratios can help injury prevention programs design age-speci�c 
intervention programs that are often pooled with other control variables, rather than targeted inter-
vention variables.

Having investigated rural–urban and age effects, we now turn our attention to poverty effects 
at the neighborhood level. We estimated Equation 10.3 for rural and urban effects separately, thus 
producing two sets of estimates for poverty levels:

	 log Disease Age Sex Poverty Offset log of populationx( )( ) ( )= + + + 	 (10.3)

The results are shown in Table 10.8. First, most effects from poverty between poverty groups 2–5 
and poverty group 1 were signi�cant for urban areas, but not for rural areas. In most cases, the odds 

TABLE 10.8
Poverty Effects in Odds Ratios in Rural and Urban Areas 

Rural Urban

Injury categories 
(E-codes) Pvt2 Pvt3 Pvt4 Pvt5 Pvt2 Pvt3 Pvt4 Pvt5 

Unintentional injury 1.03 1.02 1.04* 0.96 1.10* 1.21* 1.33* 1.59* 

Unintentional—cut or 
pierce

1.05 0.87 1.02 0.96 1.56* 1.26 1.66* 1.92* 

MVT injury 1.12 1.04 1.01 0.81* 1.09 1.16* 1.22* 1.72* 

Other traf�c-related 
injury

1.08 1.09 1.26* 0.65* 1.01 0.86 1.02 0.93 

Fall injury 1.05 1.04 1.07* 1.04 1.07* 1.14* 1.22* 1.41* 

Unintentional–
poisoning

1.11 1.33* 1.36* 1.45* 1.39* 1.44* 2.09* 3.22* 

Natural environment, 
bites, struck by

1.02 0.93 0.93 0.77* 0.94 1.05 1.16 1.53* 

Self-in�icted injury 1.25* 1.28* 1.60* 1.61* 1.28* 1.39* 1.68* 2.16* 

Assault injury 1.12 1.41* 1.99* 1.93* 1.44* 1.94* 4.68* 8.34* 

Adverse effects—
drugs and medical

0.96* 0.89* 0.92* 0.90* 1.09* 1.24* 1.41* 1.46* 

Note:	 Pvt, poverty group. All poverty groups are in reference to poverty group 1 with <5% people under the poverty line. 
*Signi�cant at p < 0.05.
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ratios were >1, suggesting that poorer neighborhoods had more injury hospitalizations. Few injuries 
in rural areas tend to be less likely from the poorest group, and they include MTV, other traf�c 
related, and natural environment, bites and stings, and struck by or against. Compared to well-off 
neighborhoods, those in the poorest neighborhoods were less active, or they lacked transportation 
to be outside for those injuries in rural areas.

Finally, the odds ratios for adverse effects in drug or medical care were <1 in rural areas sug-
gesting that poverty group 1 (<5%) was more likely compared to all other poverty group. In other 
words, well-off neighborhoods in rural areas were disadvantaged in adverse drug or medical care 
effect injuries. The reverse is true for urban areas, where all odds ratios were in favor of the well-
off neighborhoods. Residents of poverty groups 2–5 were all were more likely than group 1 to 
experience adverse drug or medical care injuries, controlling for age and sex in urban areas. As 
shown earlier, the adverse effect category accounts for almost 56% of all E-code-based injuries. 
Although they are not part of traditional accidental and intentional categories, it might be worth 
looking into diagnoses together with these late adverse effects due to drug, surgery, and other 
medical care.

To brie�y summarize, we demonstrated in this case study the importance of age effects in the 
evaluation of rural–urban differences in injury hospitalization. Most injuries are preventable. By 
focusing on age effects, we can intervene more effectively in certain age groups that have the great-
est risks. Examples include the elderly for fall injuries, the younger than middle age for self-in�icted 
injuries, the college age for assault injuries, and the college age and 75+ age groups for MVT inju-
ries. In addition, we found that SES effects in injuries were generally higher in poor neighborhoods, 
and the effects were much stronger in urban areas than in rural areas.

10.5  CHAPTER SUMMARY

In this chapter, we have examined rural–urban differences for common hospitalizations. We 
mentioned that the age distribution favored the urban residents, while the SES distribution 
slightly favored the rural residents. It seemed that the SES effect outweighed the age effect. In 
addition, in urban areas, there were more primary care physicians available in close proximity 
to many patients, but the SES gradients were much stronger than those in rural areas, which 
had at least a geographic access issue. In most diagnoses, urban residents were more likely to 
be hospitalized than rural residents. While low SES was associated with high hospitalization 
incidence in urban areas for many diagnoses, the effects were mixed in rural areas. In rural 
areas, two clusters of diseases that were related to mental health and preventable hospitalization 
due to ACSCs were negatively associated with SES, while some diseases that require timely 
and quality care tended to be positively associated with SES (the higher the SES, the greater the 
incidence rates).

Location factors play an important role in differentiating access to care in rural areas. Depending 
on poverty groups and diagnoses, rural hospital bypassing rates range from 5% to 72%. Traumatic 
brain injury, back problems, and cancer saw the highest bypassing rates, while COPD and bronchi-
ectasis pneumonia, and asthma had the lowest bypassing rates. For documentation purposes, we 
also included distance traveled. Traumatic brain injury, AMI, and cancer patients in rural areas trav-
eled the greatest distances; patients with diagnoses of diverticulosis and diverticulitis, appendicitis 
and appendiceal conditions, and pneumonia for admissions traveled the least distances. Empirical 
studies showed that rural residents in Nebraska have more frequent ambulance transfers than urban 
residents from a secondary to a tertiary hospital, more volunteer than paid emergency medical 
services (EMS) responders, more EMS by a helicopter, and greater EMS scene-to-facility distance 
(Grossman et al., 1997; Mueller, 1999). Moreover, a previous study showed that the average travel 
distance to medical care for rural residents was twice that of urban residents (Probst et al., 2007). 
Our current surveillance showed that the average distance to hospitals for rural residents was at least 
four times that of urban residents.
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In the case study of injury admissions, we showed the importance of explicitly including age 
effects. Given that it is common to control for age effects, people sometimes tend to forget or 
ignore exploiting age effects for public health intervention. Older age groups should be targeted for 
MVC and fall injury prevention, while young age group should be focused on for MVT injury, self-
in�icted injury, and assault injury prevention. Although not often seen in injury surveillance, we 
included adverse drug effects for hospitalization to show its importance. More than 50% of E-code 
hospitalizations were related to adverse effects—drugs and medical care. As prescription drug 
abuse becomes more common, future E-code surveillance should include adverse effects—drugs 
and medical care in different categories and separately evaluate them. In this part of the study, we 
did not extend to it injury-related disability and mortality. Sihler and Hemmila (2009) reported that 
rural residents were more likely to be discharged disabled, which could be due to injury severity 
that could be constructed from ICD-9 codes. It is possible to look into rehabilitation, other follow-
up care (Zwerling et al., 2005), and mortality outcomes due to injury, which are the limitations of 
the current studies.

APPENDIX 10A: COMMODITY-BASED RURAL–URBAN COMPARISON

To make a model comparable to the Chapter 8 incidence reports, odds ratios for 40 diagnoses in 
comorbidities are listed in Table 10.A1, which is a companion to Table 10.3. The �rst column con-
trasts urban versus rural. Controlling for age and poverty, urban patients were more likely to have 
most of the surveyed diseases, except pneumonia, fracture of neck of femur, and appendicitis and 
other appendiceal conditions, which were more likely to be found among rural patients. In addition, 
three disease conditions—other fractures, biliary tract disease, and nonspeci�c chest pain—were 
not signi�cant. Diseases at least 50% more likely to be found among urban patients than rural 
patients were substance-related disorders, HP with complications and secondary HP, respiratory 
failure, insuf�ciency, arrest, and acute and unspeci�ed renal failure.

The results for poverty group 5 in urban areas (Table  10.A1, column 2) resembled corre-
sponding odds ratios in Chapter 8 (Table 8.1), suggesting that results without place of residence 
strati�cation were primarily contributed by urban neighborhoods—the poorer the neighbor-
hoods, the greater the odds of having a diagnosed disease or condition. In contrast, poverty 
effects in rural areas were mixed. Only 12 odds ratios had consistent results between urban and 
rural areas, all of which showed weaker effects compared to their urban counterparts; 13 out of 
41 odds ratios were not signi�cant, and 15 odds ratios had opposite directional effects compared 
to urban areas.

The 12 odds ratios consistent between urban and rural areas include mood disorders, COPD 
and bronchiectasis, skin and subcutaneous tissue infections, nonspeci�c chest pain, diabetes mel-
litus with complications, asthma, schizophrenia and other psychotic disorders, pancreatic disorders 
(not diabetes), epilepsy and convulsions, alcohol-related disorders, substance-related disorders, and 
preventable hospitalization. This group has some diseases in common. Diabetes and asthma are 
parts of preventable hospitalization. Mood disorders, schizophrenia and other psychotic disorders, 
alcohol-related disorders, substance-related disorders, and epilepsy are all related to mental health. 
Implicitly, SES disparities in these diseases and conditions permeate both urban and rural areas, 
with a weaker effect in rural areas.

The 15 odds ratios having opposite place of residence effects include osteoarthritis, septice-
mia (except in labor), cardiac dysrhythmias, coronary atherosclerosis, AMI, �uid and electrolyte 
disorders, acute and unspeci�ed renal failure, diverticulosis and diverticulitis, fracture of neck 
of femur, syncope, HP with complications and secondary HP, other fractures, intestinal infec-
tion, secondary malignancies, and anemia. A straightforward interpretation is that compared 
to the well-off neighborhood (poverty group 1), rural patients living in the poorest areas were 
either less likely to have these conditions or less likely to seek hospital care associated with these 
conditions.
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TABLE 10.A1
Rural and Urban Differences in Comorbidity Incidence 

Poverty Level 5 vs. Level 1 

Diagnosis Urban/Rural Urban Rural 

All hospitalizations 0 (1.57, 1.56) 0 (1.04, 1.03) 1.04 (1.03, 1.05) 

Pneumonia 1 (1.94, 1.89) 0 (1.04, 1) 1.04 (1, 1.08) 

Osteoarthritis 2 (1.13, 1.09) 0 (0.85, 0.82) 0.85 (0.82, 0.89) 

Congestive heart failure 3 (1.93, 1.88) 0 (0.99, 0.96) 0.99 (0.96, 1.03) 

Septicemia (except in labor) 4 (1.87, 1.8) 0 (0.94, 0.88) 0.94 (0.88, 1) 

Mood disorders 5 (2.13, 2.09) 0 (1.29, 1.25) 1.29 (1.25, 1.34) 

Cardiac dysrhythmias 6 (1.36, 1.33) 0 (0.87, 0.84) 0.87 (0.84, 0.89) 

COPD and bronchiectasis 7 (2.41, 2.36) 0 (1.09, 1.06) 1.09 (1.06, 1.13) 

Back problems 8 (1.41, 1.37) 0 (1, 0.95) 1 (0.95, 1.05) 

Skin and subcutaneous tissue infections 9 (2.16, 2.08) 0 (1.12, 1.05) 1.12 (1.05, 1.19) 

Coronary atherosclerosis 10 (1.56, 1.53) 0 (0.94, 0.91) 0.94 (0.91, 0.97) 

Urinary tract infections 11 (1.88, 1.83) 0 (0.93, 0.89) 0.93 (0.89, 0.97) 

Nonspeci�c chest pain 12 (2.51, 2.41) 0 (1.14, 1.06) 1.14 (1.06, 1.23) 

AMI 13 (1.68, 1.59) 0 (0.9, 0.83) 0.9 (0.83, 0.97) 

Acute cerebrovascular disease 14 (1.82, 1.73) 0 (0.93, 0.85) 0.93 (0.85, 1.01) 

Diabetes mellitus with complications 15 (2.97, 2.86) 0 (1.15, 1.08) 1.15 (1.08, 1.23) 

Biliary tract disease 16 (1.48, 1.41) 0 (0.95, 0.88) 0.95 (0.88, 1.02) 

Fluid and electrolyte disorders 17 (1.87, 1.84) 0 (0.97, 0.94) 0.97 (0.94, 1) 

Asthma 18 (2.46, 2.39) 0 (1.32, 1.25) 1.32 (1.25, 1.4) 

Schizophrenia and other psychotic 
disorders

19 (7.29, 6.91) 0 (2.32, 2.13) 2.32 (2.13, 2.53) 

Acute and unspeci�ed renal failure 20 (2.17, 2.11) 0 (0.83, 0.79) 0.83 (0.79, 0.88) 

Respiratory failure, insuf�ciency, arrest 21 (2.33, 2.25) 0 (0.99, 0.93) 0.99 (0.93, 1.05) 

Gastrointestinal hemorrhage 22 (1.91, 1.81) 0 (0.95, 0.87) 0.95 (0.87, 1.03) 

Intestinal obstruction without hernia 23 (1.34, 1.28) 0 (1.01, 0.94) 1.01 (0.94, 1.08) 

Pancreatic disorders (not diabetes) 24 (2.34, 2.21) 0 (1.1, 0.99) 1.1 (0.99, 1.22) 

Diverticulosis and diverticulitis 25 (1.11, 1.05) 0 (0.87, 0.8) 0.87 (0.8, 0.94) 

Fracture of neck of femur (hip) 26 (1.26, 1.17) 0 (0.88, 0.8) 0.88 (0.8, 0.98) 

Epilepsy, convulsions 27 (2.72, 2.61) 0 (1.32, 1.23) 1.32 (1.23, 1.42) 

Appendicitis and other appendiceal 
conditions

28 (1.09, 1) 0.05 (1.03, 0.9) 1.03 (0.9, 1.17) 

Alcohol-related disorders 29 (3.64, 3.51) 0 (2.19, 2.05) 2.19 (2.05, 2.35) 

Fracture of lower limb 30 (1.82, 1.7) 0 (0.9, 0.8) 0.9 (0.8, 1.01) 

Other nervous system disorders 31 (1.73, 1.68) 0 (1.04, 0.99) 1.04 (0.99, 1.09) 

Syncope 32 (1.41, 1.32) 0 (0.88, 0.79) 0.88 (0.79, 0.98) 

Substance-related disorders 33 (4.28, 4.11) 0 (1.84, 1.7) 1.84 (1.7, 2) 

Intracranial injury 34 (1.91, 1.78) 0 (0.97, 0.86) 0.97 (0.86, 1.1) 

HP with complications and secondary HP 35 (2.49, 2.42) 0 (0.89, 0.85) 0.89 (0.85, 0.94) 

Other fractures 36 (1.32, 1.24) 0 (0.88, 0.8) 0.88 (0.8, 0.96) 

Intestinal infection 37 (1.54, 1.45) 0 (0.92, 0.83) 0.92 (0.83, 1.02) 

Secondary malignancies 38 (1.34, 1.28) 0 (0.8, 0.75) 0.8 (0.75, 0.86) 

Anemia 39 (1.89, 1.85) 0 (0.94, 0.9) 0.94 (0.9, 0.97) 

Avoidable hospitalization 40 (2.06, 2.03) 0 (1.09, 1.07) 1.09 (1.07, 1.11) 

Note:	 Comorbidities are based on search of nine diagnosis codes. Except for Douglas, Sarpy, and Lancaster 
Counties, all counties were rural. 
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11 Racial Disparities 
in Hospitalization

11.1  INTRODUCTION

So far, we have not touched racial disparities, because it would be the most dif�cult task when 
race and ethnicity variables are not available from the Nebraska hospital discharge data (HDD). 
The Nebraska HDD had race and ethnicity �elds, but about 93% of the values were missing for 
race. Even among the nonmissing race values, many are categorized as U, or unknown. That is 
why we know little about racial disparities in hospitalization in Nebraska. However, racial and 
ethnicity disparities are too important to not report. Both the federal and state governments of�-
cially acknowledge the existence of health and health care disparities between the racial and ethnic 
minority populations and White Americans. The health of minority populations has consistently 
lagged behind that of Whites. Racial and ethnic minority groups tend to be socially and economi-
cally disadvantaged, and they also have low health literacy. These factors together affect minority 
patients’ access to care in many ways, including preventive care, ambulatory care, and in- and 
post-hospital care. Nationally, the rate of preventable hospitalizations for minorities is twice that for 
Whites. African Americans are substantially less likely to have coronary artery bypass surgery than 
Whites. Not only are African Americans more likely to have heart disease, diabetes, renal disease, 
and chronic obstructive pulmonary disease (COPD), but they also experience more severe forms of 
these diseases.

One of the four overarching goals of Healthy People 2020 is “to achieve health equity, eliminate 
disparities and improve the health of all groups.” Taking this initiative, the U.S. Department of Health 
and Human Services (DHHS) started to assess health disparities in the U.S. population by tracking 
rates of death, chronic and acute diseases, injuries, and behavior risk factors among racial groups. 
Since hospitalization is a major data source to identify commodities, we decided to add race infor-
mation, so that it can be used to assess racial disparities in hospitalization. We �rst identi�ed major 
databases within the state Division of Health, and they included the driver’s license database, cancer 
registry data, trauma registry data, mortality data, birth record database, and motor vehicle crash data. 
Second, we standardized the race and ethnicity variables. For data improvement on race, we identi�ed 
a common denominator: White, Black, Asian, American Indian, and Other. Note that ethnicity was 
not included because the driver’s license database did not have a separate �eld for ethnicity.

The rest of the chapter is divided into three parts. First, we brie�y summarize the data linkage 
project that provided race information from other, secondary data sources. Second, we provide a 
general racial disparity assessment using HDD, similar to what we did in previous chapters. Third, 
we provide a multivariate data analysis by adding race to the acute myocardial infarction (AMI) 
analysis that we did in Chapter 17.

11.2 � USING MULTIPLE DATA SOURCES TO GENERATE 
THE RACE VARIABLE FOR HDD

As mentioned in Section 11.1, the race variable in the Nebraska HDD was unusable because 93% 
of the values were missing. Since the Nebraska DHHS often links various datasets to the Nebraska 
HDD, we were able to systematically harvest race and ethnicity variables from those datasets that 
had been linked to HDD. Datasets that have been used for linkage include the cancer registry, 
trauma registry, birth (including mother’s and father’s race and ethnicity) and death records, and 
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driver’s license—all of them have a program-speci�c purpose. We already mentioned the data link-
age schema in Chapter 5. Each record linkage for program data was based on the name (�rst and 
last), sex, date of birth, and residential address based on the probabilistic linkage methodology 
described in Chapter 4. After each individual linkage, we created a consolidated race variable.

There were a number of steps to consolidate different race variables into a single race variable. 
First, it was necessary to decide a race data quality scale. Since 7% of the race records were valid, 
we keep them without any manipulation. To update records for the remaining missing values, we 
used the following rank order. Race information from the cancer registry took priority due to its 
superior data quality, which was then followed by death records, birth records, and both mother’s 
and birth father’s race. We then have race variables from the trauma registry, and �nally driver’s 
license data. It should be noted that driver’s license data had the largest number of records, but no 
information about those 14 years old or younger, and it had a sizable “other.” For this reason, we 
listed it as having low-quality race information.

The second step of consolidating race is to �nd the common race categories. While the cancer 
registry and vital records use �ve race categories, the trauma registry and driver’s license data only 
have four race categories. For this reason, we settled on four race categories: White, Black, Asian, 
and American Indian.

However, there were still 155,782 (10.59%) records that could not be linked to any program 
dataset. In order to conduct population-based studies, it is necessary to impute about 10.59% of the 
records that could not be found in any public health database. In this �nal process, we used census 
tract information by making two assumptions: (1) age and sex are not important in imputation, and 
(2) the racial composition of census tracts could represent the racial composition of those patients 
without race information who resided there. Based on these two assumptions, the imputation algo-
rithm is straightforward. We can simply assign an individual race based on the racial mix of the 
census tract of each hospital patient without considering age and sex. Assuming that there are 100 
missing values in a census tract that has 80% Whites, 10% Blacks, 5% Asians, and 5% American 
Indians, then the probability-based imputation would generate approximately 80 Whites, 10 Blacks, 
5 Asians, and 5 American Indians. We used the 2010 population census DP-1 table (“Pro�le of 
General Population and Housing Characteristics: 2010”) to obtain the proportion of each single 
race for each census tract, and assigned race to each remaining missing race value according to the 
census tract–based imputation scheme.

Table  11.1 shows the results of the single-race variable compilation from the linked program 
data (�rst column), the imputed census population (second column), and the 2010 census popula-
tion pro�le. It seems that the linked race pro�le is more consistent with the 2010 census pro�le. 

TABLE 11.1
Race Distributions in Percent between the Linked and Imputed

Linked Imputed Combined Nebraska Population

White 84.819 81.794 84.599 86.1

African American 8.646 7.945 8.595 4.5

American Indian 0.740 0.077 0.692 1

Asian 1.465 1.592 1.474 1.9

Other 4.331 8.592 4.639 6.5

Total N 1,273,316 99,536 1,372,852 1,826,341

Note:	 Linked records are from public health databases; imputed records are from the census. The table is for 
in-state patients only. The total number of in-state and out-of-state patient records is 1,485,131. The total 
number of records without race is 155,782. The total number of in-state patient records without race is 
99,536. The last column includes race composition for the 2010 Nebraska population.
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A major difference between the imputed and the linked data is “other.” The imputed data had 8.6% 
for this category, while the linked data had 4.3%. However, since only 7.25% of hospitalizations had 
imputed race, they are unlikely to make much difference in terms of disease incidence rates, which 
was con�rmed by our preliminary analysis. In the following, we used the combined race as the 
numerator, which included both geographically imputed and individually linked �les (third column 
in Table 11.1).

As for the denominator or at-risk population, we wanted to use poverty-speci�c race populations 
from the 2010 census. To this end, we extracted percentage of people under the poverty line from the 
ACS 2007–2011 data and linked it the 2010 census data at the census tract level. The next step was 
to deal with multiple races in the census data. For the Whites, the Census includes White alone or 
with other combinations. Hence, the HDD race and the census race are not 100% compatible even 
for the same racial group. For this reason, it was necessary to make some adjustment about racial 
groups in the census data so that they are compatible with the HDD racial categories. We show 
adjustment strategies in Figure 11.1, while leaving the details in Table 11.A1. Design A in the �gure 
assumes that Whites and Blacks in the HDD �le align perfectly with single race from the census 
�les. This design would in�ate race-speci�c hospitalization rates because it does not take two or 
more races into consideration in the Black or White at-risk population. In design B, we moved “two 
or more races” to the Black population group. This alternative design assumes that all people who 
checked two or more races had at least one race being Black. This oversimpli�cation follows the 
so-called “one drop of blood rule” and will de�nitely de�ate the Black hospitalization rate, but it 
would generate conservative estimates for Blacks.

11.3  PATIENT-BASED ASSESSMENT FOR MAJOR COMORBIDITIES

With the above methodological introduction, we are ready to conduct disparity assessments. Since 
the uncertainties introduced by the race mismatch between the at-risk population and hospitalized 

White in
HDD

White alone in
the census

Black alone in
the census

Other (all other single
races + two or more
races in the census)

White alone in
the census

All other single races
in the census

Design A.  No adjustment to the at-risk population: An HDD race group in
a circle divided by the corresponding census single race in the box below

Design B.  With adjustment to the at-risk population: Subtract  “two or
more races” group from Other in the census and add it to Black

Black in
HDD

Other in
HDD

White in
HDD

Black in
HDD

Other in
HDD

Black alone
+ two or more races

in the census

FIGURE 11.1  Design of race-speci�c incidence rate calculation. Circles contain incidence and boxes con-
tain at-risk population.
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patients, we want to establish some bounds for the assessments. Table 11.2 attempts to provide some 
sensitivity analysis by moving and not moving the 2.2% of the at-risk population from the Other 
race category to Black. For ease of comparison, we used the same approach as in Chapter 9 for sex 
differences in major diseases, which present data in age-standardized rates. To refresh our memory, 
the table provides hospital-based surveillance or calculation of comorbidities for 10 common causes 
of death. The surveillance was conducted by searching up to 10 diagnoses, and if one of the diag-
noses met the disease de�nition, then the visit records a comorbidity condition. Since much survey 

TABLE 11.2
Standard Comorbidity Prevalence by Sex and Race for Common Causes of Death

Comorbidities

White Black Other

Male Female Male Female Male Female

Panel A
Heart disease 1296 960 3697 3049 1319 1137

Cancer 409 312 613 482 200 160

Chronic lower respiratory diseases 284 230 873 823 308 300

Stroke 610 619 1682 2025 565 665

Unintentional injuries 458 426 1635 1296 538 463

Alzheimer’s disease 87 82 228 250 67 94

Diabetes 581 511 1958 2065 832 912

Kidney diseases 489 328 1741 1348 573 480

In�uenza and pneumonia 530 440 1217 1151 510 509

Suicide 31 21 117 52 41 30

Panel B
Heart disease 1296 960 3076 2561 1611 1403

Cancer 409 312 512 402 244 195

Chronic lower respiratory diseases 284 230 730 694 377 371

Stroke 610 619 1364 1616 699 818

Unintentional injuries 458 426 1287 1054 661 578

Alzheimer’s disease 87 82 186 213 85 119

Diabetes 581 511 1625 1713 1004 1107

Kidney diseases 489 328 1439 1132 700 595

In�uenza and pneumonia 530 440 979 939 640 643

Suicide 31 21 91 41 50 37

Rate Ratios
Heart disease 1.00 1.00 0.83 0.84 1.22 1.23

Cancer 1.00 1.00 0.84 0.84 1.22 1.22

CHRONIC lower respiratory diseases 1.00 1.00 0.84 0.84 1.22 1.24

Stroke 1.00 1.00 0.81 0.80 1.24 1.23

Unintentional injuries 1.00 1.00 0.79 0.81 1.23 1.25

Alzheimer’s disease 1.00 1.00 0.82 0.85 1.26 1.26

Diabetes 1.00 1.00 0.83 0.83 1.21 1.21

Kidney diseases 1.00 1.00 0.83 0.84 1.22 1.24

In�uenza and pneumonia 1.00 1.00 0.80 0.82 1.25 1.26

Suicide 1.00 1.00 0.78 0.78 1.21 1.24

Note:	 Comorbidities are standardized per 100,000 by search up to 10 diagnoses. Black and White in panel A are based 
on one race only. Black in panel B includes Black alone and two or more race categories.



171Racial Disparities in Hospitalization

data are reported by prevalence, we changed our approach a little by using prevalence too. However, 
in order to be consistent with previous tables in Chapter 9 for gender differences, we also included 
an incidence table (Table 11.A3).

Results shown in panels A and B of Table 11.2 are based on designs A and B in Figure 11.1, 
respectively. Let’s �rst establish some general comorbidity pro�les by race from panel A. With the 
exception of Other males, prevalence was much higher among racial minorities than Whites regard-
less of sex. In many diseases, Black rates doubled those for Whites. For instance, the heart disease 
rate for Black males was 3,697 per 100,000, in contrast to 1,296 for White males. Comparing Other 
males with White males, there was no clear pattern. White males had higher rates for cancer, stroke, 
and Alzheimer’s disease, while Other males had higher rates for heart disease, COPD, and diabetes. 
In other words, males of other races did not necessarily have higher disease prevalence than White 
males according to design A.

When comparing panels A and B in Table 11.2, one can use a rate ratio by dividing the standard 
rates in panel B by the standard rates in panel A. Since there was no adjustment for Whites, all the 
rate ratios equal 1. For Blacks, the rate ratios suggest that all the standard rates reduced by 15% or 
more after the adjustment in panel B. In contrast, the standard rates for Other increased by 21% on 
average after the adjustment, which is enough to change the directional effect for heart diseases by 
sex. One could argue that the adjustment should be made to White rather than Black. If we did that, 
the standard rates for White after adjustments would decrease by a fraction of 1% for both sexes (not 
shown), which would not change any directional effects between Black and White. Hence, the slight 
underestimates of Black rates and overestimates of Other rates are acceptable. For this reason, we 
use the adjusted at-risk population from now on.

We know that racial minorities are more likely to be poor than Whites. Due to small population 
sizes for Blacks and Others, we opted to use three poverty groups without gender strati�cation. 
These three groups are <5%, 5%–15%, and >15%, representing the low-poverty, midpoverty, and 
high-poverty census tracts, respectively. In addition to prevalence, we present poverty levels by race 
in rate ratios, with the reference rate being low poverty (Table 11.3). The incidence rates and rate 
ratios are in Appendix 11B (Table 11.A3). If a rate ratio is >1, the rate of interest is greater than the 
rate of the referent, and we expect that all rate ratios are >1. The results were broadly consistent 
with our expectations; a number of rate ratios were <1, or against our expectation. For Whites, poor 
neighborhoods tended to be associated with higher comorbidity rates. All rate ratios were above 1 
except Alzheimer’s and kidney diseases for midpoverty. In addition, the rate ratios for high-poverty 
census tracts seem to be greater than those from midpoverty census tracts. The general pattern for 
Blacks and Other is likewise similar to that of Whites. However, Blacks were less likely to have 
unintentional injuries and suicide. It was possible that those who had injuries or suicide attempts in 
the midpoverty group did not end up in hospitals.

11.4 � PREVALENCE, READMISSION, AND MORTALITY 
FOR MAJOR HOSPITALIZATIONS

11.4.1 P rEVALENCE

Normally, prevalence is appropriate for comorbidity surveillance, and incidence is suitable for hos-
pitalization. However, there is some merit to using prevalence based on the primary diagnosis. 
First, the primary diagnosis basically is the reason for admission. Second, a model-based rate can 
be derived for how many people per 1000 residents were admitted for a particular diagnosis. Third, 
it removes potential outliers, or those patients who had been repeatedly hospitalized for the same 
diagnosis due to swing beds or other reasons. Finally, we could use the same number of observations 
to conduct surveillance for prevalence, readmission, and mortality. For this reason, we used primary 
diagnosis based on individual patients. If two admissions had the identical primary diagnosis for the 
same patient, the �rst one was used.
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We used the �rst admission for prevalence, readmission, and mortality assessments according 
to following steps:

	 1.	Select diseases based on the primary diagnosis.
	 2.	Save hospitalization records for each diagnosis to a separate �le.
	 3.	Sort �le by master patient ID and admission date in each diagnosis �le.
	 4.	 If the patient was only admitted one time, select the record as the indexed event; otherwise, 

select the �rst admission record as the indexed event.
	 5.	Delete duplicate records by retaining the indexed event, and proceed with age- and sex-

adjusted model-based estimation and presentation.

It should be pointed out that even though the assessment is patient based, a patient can still appear 
multiple times based on primary diagnosis. If the patient had diabetes as the primary diagnosis in 

TABLE 11.3
Standard Comorbidity Prevalence and Prevalence Ratios by Race and Poverty

Disease

White Black Other

Low 
Pvt Mid-Pvt

High 
Pvt

Low 
Pvt Mid-Pvt

High 
Pvt

Low 
Pvt Mid-Pvt

High 
Pvt

Prevalence
D1 1034 1109 1236 2395 6698 2426 1422 1756 1738

D2 330 350 387 447 627 518 226 233 229

D3 245 247 290 449 1373 564 304 438 402

D4 495 593 784 1060 3016 1546 686 846 898

D5 394 451 512 1285 2449 985 512 609 711

D6 88 82 93 154 375 165 113 114 117

D7 449 535 677 1381 3673 1638 863 1059 1343

D8 384 380 484 939 2187 1319 575 619 806

D9 372 484 593 574 1899 934 533 696 701

D10 20 28 28 99 101 49 47 51 38

Rate Ratio
D1 1.00 1.07 1.19 1.00 2.80 1.01 1.00 1.23 1.22

D2 1.00 1.06 1.17 1.00 1.40 1.16 1.00 1.03 1.01

D3 1.00 1.01 1.19 1.00 3.06 1.26 1.00 1.44 1.32

D4 1.00 1.20 1.58 1.00 2.84 1.46 1.00 1.23 1.31

D5 1.00 1.14 1.30 1.00 1.91 0.77 1.00 1.19 1.39

D6 1.00 0.93 1.06 1.00 2.44 1.07 1.00 1.01 1.04

D7 1.00 1.19 1.51 1.00 2.66 1.19 1.00 1.23 1.56

D8 1.00 0.99 1.26 1.00 2.33 1.40 1.00 1.08 1.40

D9 1.00 1.30 1.60 1.00 3.31 1.63 1.00 1.31 1.32

D10 1.00 1.39 1.40 1.00 1.02 0.50 1.00 1.09 0.81

Note:	 D1, heart disease; D2, cancer; D3, chronic lower respiratory diseases; D4, stroke; D5, unintentional injuries; D6, 
Alzheimer’s disease; D7, diabetes; D8, kidney diseases; D9, in�uenza and pneumonia; D10, suicide. Low-pvt census 
tracts, <5% people under the poverty level; mid-pvt census tracts, >5% and <15% people under the poverty level; 
high-pvt census tracts, >5% people under the poverty level; low pvt, census tracts with <5% people under the pov-
erty; mid-pvt, census tracts >5% and <15% people under the poverty line; high pvt, census tracts with >5% people 
under the poverty line.
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one hospitalization and asthma as another, then the same patient can appear twice in two different 
assessment models: one for diabetes and one for asthma.

As shown in Table 11.4, except for the diagnosis of appendicitis and other appendiceal condi-
tions, all odds ratio were signi�cantly greater than 1 for Blacks. Rank-ordered odds ratios from 
more than 7 to at least 3 were found for hypertension (HP) with complications and secondary 
HP, schizophrenia and other psychotic disorders, diabetes mellitus with complications, acute and 
unspeci�ed renal failure, alcohol-related disorders, intracranial injury, and nonspeci�c chest pain. 
Nationally, the preventable hospitalization rate for Blacks was about twice that for Whites. The 
number in Nebraska is about 1.96. Moving to the Other race column, we found that 33 out of 40 
odds ratios were signi�cant. However, the effects between Other and White were much smaller than 
those between Black and White. For comparison, we attached patient-based comorbidity diagnoses 
in Appendix 11A (Table 11.A3).

Sometimes, an initial surveillance leads to some other surveillance questions. A case in point 
is asthma. From Table 11.4, Blacks were 2.22 (95% con�dence interval [CI] 2.044–2.406) times as 
likely as Whites to seek hospital care for asthma. But if we just restricted inpatient care through 
emergency department admission, we would see an odds ratio of 3.1 for asthma, or three times as 
likely for Blacks as for Whites. Here, all we needed to do was to restrict admission type to emer-
gency department for a subset of data, run the same model, and inspect the odds ratios descriptively. 
Sometimes, one needs to compare two subsets statistically. For example, the state public health 
agency tends to compare disease trends over time by race. One recent trend is a decline in standard 
mortality due to heart disease. The 5-year mortality from 2004 to 2008 compared to from 2009 to 
2013 declined by 13.4% for Whites and 10.3% for Blacks. However, for 7 years of data, it is hard to 
show trends. Knowing the caveat, we simply demonstrate how to conduct a model-based intertem-
poral assessment.

	 1.	Break the data into 2005–2007 and 2009–2011 and leave the middle year of 2008 out.
	 2.	Use the same model as in Table 11.4, and select those that relate to heart disease.
	 3.	Compile two time periods of data—time 1 (2005–2007) and time 2 (2007–2011)—together 

with age, sex, and race in a four-way constancy table.
	 4.	Add an interaction term to race, so that the time 1 effect is the main effect of Black ver-

sus White, and time 2 effects are from the interaction term and are relative to the main 
effects.

	 5.	The model output would have the main effects of age group, sex, race, and time, and the 
interaction effect of time × race.

Here, we run a single model for each selected disease. The results are shown in Table 11.5. In the 
interpretation of the model-based estimates, the main effect of time itself needs to be considered in 
addition to the interaction term. As shown in Table 11.5, time 1 effects were all signi�cant, while 
four out of �ve time 2 effects were signi�cant. Time 2 effects suggest that Black–White dispari-
ties had widened for the four diseases: cardiac dysrhythmias, coronary atherosclerosis, nonspeci�c 
chest pain, and AMI. This small exercise had consistent mortality time effects in Chapter 7.

11.4.2  READMISSIoN

Even though racial disparities in readmissions have been documented, there are two apparent gaps 
in the literature: (1) too few studies documenting readmission disparities for a host of diagnoses and 
(2) poverty is not often controlled when investigating readmission. Given an increased emphasis on 
readmissions as a quality measure, it is imperative to conduct race- and poverty-based surveillance 
so that public health can play some role in the hospital readmission reduction program that reduces 
payments to hospitals with high readmission rates for selected diseases. If racial and socioeconomic 
status (SES) disparities exist, then the program might penalize those with the least resources.
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TABLE 11.4
Racial Disparities (Odds Ratios) in Hospitalization by Primary Diagnosis

Primary Diagnosis Black CI: 95% Other CI: 95%

All hospitalizations 1.508 1.497–1.519 1.341 1.331–1.351

Pneumonia 1.556 1.490–1.625 1.256 1.194–1.322

Osteoarthritis 2.246 2.156–2.339 0.777 0.721–0.837

Congestive heart failure 2.919 2.762–3.084 1.614 1.481–1.758

Septicemia (except in labor) 2.445 2.300–2.599 1.373 1.260–1.497

Mood disorders 1.976 1.904–2.050 0.997 0.950–1.045

Cardiac dysrhythmias 2.613 2.484–2.750 1.086 0.997–1.183

COPD and bronchiectasis 2.412 2.258–2.577 1.223 1.103–1.356

Back problems 1.689 1.601–1.783 0.837 0.776–0.902

Skin and subcutaneous tissue infections 2.087 1.967–2.214 1.321 1.228–1.421

Coronary atherosclerosis 2.411 2.297–2.530 1.262 1.174–1.356

Urinary tract infections 2.124 1.998–2.257 1.605 1.491–1.727

Nonspeci�c chest pain 3.228 3.074–3.390 1.887 1.768–2.013

AMI 2.552 2.408–2.705 1.375 1.263–1.497

Acute cerebrovascular disease 2.957 2.786–3.138 1.677 1.537–1.830

Diabetes mellitus with complications 3.746 3.517–3.989 2.051 1.888–2.228

Biliary tract disease 1.788 1.674–1.909 1.451 1.350–1.559

Fluid and electrolyte disorders 1.949 1.840–2.066 1.295 1.203–1.393

Asthma 2.218 2.044–2.406 1.471 1.334–1.622

Schizophrenia and other psychotic disorders 4.305 4.024–4.605 1.509 1.367–1.667

Acute and unspeci�ed renal failure 3.723 3.474–3.991 1.746 1.566–1.947

Respiratory failure, insuf�ciency, arrest 2.379 2.186–2.589 1.210 1.068–1.370

Gastrointestinal hemorrhage 2.711 2.526–2.909 1.709 1.552–1.881

Intestinal obstruction without hernia 2.194 2.042–2.358 1.125 1.014–1.248

Pancreatic disorders (not diabetes) 2.901 2.676–3.145 1.718 1.554–1.901

Diverticulosis and diverticulitis 2.126 1.947–2.321 1.060 0.930–1.207

Fracture of neck of femur (hip) 2.004 1.839–2.185 0.954 0.819–1.111

Epilepsy, convulsions 2.149 1.974–2.339 1.294 1.165–1.437

Appendicitis and other appendiceal conditions 0.986 0.903–1.076 1.033 0.951–1.122

Alcohol-related disorders 3.547 3.242–3.880 1.655 1.471–1.862

Fracture of lower limb 2.406 2.244–2.580 1.393 1.273–1.523

Other nervous system disorders 2.102 1.919–2.303 0.994 0.874–1.132

Syncope 2.762 2.515–3.035 1.303 1.124–1.511

Substance-related disorders 2.717 2.407–3.066 1.061 0.890–1.266

Intracranial injury 3.404 3.155–3.673 1.755 1.585–1.945

HP with complications and secondary HP 7.768 7.155–8.433 3.600 3.185–4.069

Other fractures 2.675 2.467–2.899 1.305 1.156–1.472

Intestinal infection 1.385 1.261–1.521 0.981 0.876–1.098

Secondary malignancies 1.361 1.204–1.538 0.575 0.470–0.704

Anemia 2.791 2.528–3.081 1.689 1.474–1.936

Avoidable hospitalization 1.969 1.918–2.021 1.349 1.306–1.394

Note:	 All odds ratios are patient–diagnosis pairs rather than record–diagnosis pairs. If a patient had asthma hospitaliza-
tions, only one is counted. If a con�dence interval crosses 1, it is not statistically signi�cant. All race categories 
are derived from data linkage with other data sources. All odds ratios are in reference to Whites. Odds ratios in 
bold were not signi�cant.
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We ran two sets of models of whether a patient was readmitted within 30 days of discharge. 
Model I generates estimates based on the 42 diseases and conditions used in Chapter 8 (Table 11.6, 
columns 1 and 2). Model II generates model-based estimates from the same 42 diseases and condi-
tions by adding an additional control of neighborhood poverty level (Table 11.6, columns 1 and 2). 
Only signi�cant odds ratios from either models were retained. In total, 12 diseases had signi�cant 
odds ratios from either model, and they were from 24 model runs, or 12 from each model.

The results without controlling for poverty showed that 10 diseases had a signi�cant Black–
White difference in readmissions. Black patients were more likely to be readmitted to the hospital 
within 30 days for 9 out of 10 signi�cant results. The widest disparities were in alcohol-related 
disorders, syncope, and nonspeci�c chest pain, where the latter two may relate to heart disease. 
Another cluster of diseases were around mental health, as schizophrenia and other psychotic disor-
ders, mood disorders, and alcohol-related disorders could all be caused by mental health, for which 

TABLE 11.5
Black–White Disparities in Heart Disease–Related Diagnoses

Heart Disease–Related Diagnoses

Main Effect: T1 T2 Relative to T1

OR 95% CI OR 95% CI

Congestive heart failure 2.385 2.182–2.606 0.965 0.895–1.040

Cardiac dysrhythmias 1.818 1.665–1.985 1.217 1.138–1.303

Coronary atherosclerosis 1.743 1.616–1.879 1.119 1.040–1.203

Nonspeci�c chest pain 2.294 2.126–2.475 1.294 1.204–1.390

AMI 1.741 1.567–1.934 1.196 1.105–1.294

Note:	 T1, 2005–2007; T2, 2009–2011. The main effect is the referent, and T2 effects are relative to T1 or 
the interaction effect.

TABLE 11.6
Black vs. White Readmission with and without Controlling for Poverty

Diagnosis

Not Accounting for Poverty Accounting for Poverty

OR 95% CI OR 95% CI

Mood disorders 1.195 1.084–1.319 1.157 1.047–1.280

Cardiac dysrhythmias 0.868 0.746–1.010 0.852 0.731–0.993

Nonspeci�c chest pain 1.351 1.162–1.570 1.308 1.120–1.527

AMI 0.825 0.662–1.029 0.782 0.624–0.978

Schizophrenia and other psychotic disorders 1.304 1.121–1.517 1.242 1.064–1.450

Gastrointestinal hemorrhage 1.200 1.005–1.433 1.147 0.955–1.378

Pancreatic disorders (not diabetes) 1.235 1.000–1.525 1.184 0.953–1.470

Alcohol-related disorders 1.542 1.217–1.954 1.568 1.226–2.006

Syncope 1.419 1.086–1.854 1.357 1.030–1.788

Intracranial injury 0.545 0.389–0.763 0.552 0.393–0.775

Avoidable hospitalization 1.078 1.001–1.162 1.038 0.961–1.121

Complication of device 1.151 1.015–1.307 1.120 0.984–1.276

Note:	 OR, odds ratios from a logistic regression controlling for age and sex. Only signi�cant odds ratios are 
shown among 42 diseases and conditions.
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Blacks were more likely to experience readmissions. The only signi�cant disease with reduced 
odds was intracranial injury (mostly from traumatic brain injury). It is also worth pointing out that 
preventable hospitalizations tend to be less likely for Blacks than Whites in readmissions.

We mentioned in Chapter 8 that neighborhood poverty plays a signi�cant role in readmission. 
Here, poverty also mediates through race. When the poverty variable is introduced into the model, 
which had �ve levels (<5%, 5%–10%, 10%–15%, 15%–20%, >20%), only eight disease conditions 
were signi�cant. The top three conditions in Model I that had the widest disparities remain the top 
three in Model II. The most signi�cantly elevated risks in Model I had some reduction in risk, four 
of them from signi�cant to nonsigni�cant (con�dence intervals cross 1). In particular, gastrointes-
tinal hemorrhage, pancreatic disorders (not diabetes), preventable hospitalization conditions, and 
complication of device were all from elevated risk to no difference between Blacks and Whites. 
In addition, two diseases—cardiac dysrhythmias and AMI—were from nonsigni�cant to signi�-
cant, and both had a reduced risk of readmission. It is worth noting that preventable hospitaliza-
tion became nonsigni�cant, suggesting that a signi�cant Black–White difference in readmission 
for ambulatory care sensitive conditions (ACSCs) was mainly due to neighborhood SES. In sum, 
accounting for neighborhood poverty level attenuates Black–White disparities in readmission.

A major limitation of the surveillance-based readmission analysis is that it lacks further controls. 
Obviously, we should control disease severity and comorbidities, but different primary diagnoses 
require different sets of comorbidities, and it is impractical to set up different comorbidity sets for 
different diagnoses with comparable prognoses. Likewise, we did not control for type of hospitals. 
It is dif�cult to control for hospital factors, as some hospitals might not have admitted any particu-
lar disease-speci�c patient due to hospital-level factors. As we automatically went through each 
disease, we would have to devise some hospital-level controls that may not work for all types of dis-
eases. In this regard, we treated all hospitals in the same way, which is clearly not the case. Another 
control that we could have is surgery procedure (Girotti et al., 2014). However, including it would 
lead us deeper into health care delivery that public health cannot do too much. We should also 
remember that poverty level is an area adjustment. This implies that poor SES is associated with 
less optimal care, or poor SES may lead to few options for home care that predispose the individual 
patient to readmission. Despite these caveats, we still believe that surveillance should not have many 
controls, because additional control points are also the entry points for public health interventions.

11.4.3 M orTALITY

We can assess mortality in the same way we do readmission. In addition to all the limitations for 
the readmission assessment, there were far fewer death cases in the sample. We restrict our analysis 
to White and Black patients only due to the small number of cases. To be cautious, we only used 
in-hospital mortality or those whose discharge status was “expired.” We surveyed the 40 diagnoses 
and reported only those with signi�cant differences between Black and White patients.

We �rst ran a logistic regression for in-hospital mortality with a dichotomous variable of alive 
or died (Table 11.7, �rst two columns). We found that except syncope, all other signi�cant disease 
conditions were at least 30% less likely to die in the hospital for Black patients than White patients. 
Even though disease severity could not be controlled for, the results in general suggested that Black 
patients might have less severe symptoms for the primary diagnosis than White patients, because a 
priori, Blacks were more likely to have higher age- and sex-adjusted mortality from death records 
for a host of diseases.

To reconcile the logistic regression approach of in-hospital mortality and the higher overall mor-
tality for many diseases from vital statistics reports, we also ran a log-rate model that requires 
at-risk population (Table 11.7, last two columns). Here, White in-hospital deaths are modeled by 
the White at-risk population, and Black in-hospital deaths are modeled by the Black at-risk popula-
tion; the odds ratio between the two were reported. Since nine age groups, two sex groups, and two 
race groups require 36 cells in the contingency table, the number of zero cells becomes a concern. 
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Consequently, both acute and unspeci�ed renal failure and syncope could not get stable param-
eter estimates. Other than these two, Blacks had higher mortality rates than Whites for all listed 
diagnoses.

11.5 � CASE STUDY: RACIAL DISPARITY IN REHABILITATION 
AMONG ELDERLY AMI PATIENTS

Cardiac rehabilitation (CR) is a Class I recommendation for the management of AMI in many 
national and international societies, such as the American College of Cardiology and the American 
Heart Association (AHA). CR intends to help patients regain autonomy and improve regular phys-
ical activities. CR is a secondary prevention program to detect disease progression and modify 
behavioral risk factors. CR interventions include exercise training, physical activity counseling, 
tobacco cessation, nutritional counseling, weight management, aggressive coronary risk factor man-
agement, and psychosocial counseling. It is recommended that all hospitalized patients have CR 
if they have a qualifying cardiovascular event or diagnosis, such as AMI, coronary artery bypass 
graft (CABG) surgery, or percutaneous coronary intervention (PCI). From the rural–urban differ-
ence case study (Chapter 17), we found that CR is the strongest predictor of 1-year mortality for 
AMI patients, but only 38% of AMI patients had CR in outpatient settings. In this case study, we 
wanted to examine factors associated with CR among AMI patients. Based on the sample of AMI 
patients in Chapter 10, we added a race variable and treatment procedure variables, such as PCI and 
CABG surgery. Note that most AMI patients are elderly, so we restricted the sample to those age 
65 and over. In this way, all the patients in the sample had either commercial insurance, Medicare, 
or Medicaid.

Baseline characteristics of patients by rehabilitation status are presented in Table 11.8. Patients 
having CR were typically younger, male, and White, and they were less likely to come from poorer 
neighborhoods. Patients having CR were more likely to have PCI and CABG procedures during 
the hospital stay. Patients were less likely to have CR if they had COPD, renal disease, cerebrovas-
cular disease, and cancer. Finally, urban patients and rural hospital bypassers were more likely to 
have CR.

Since our main interest is racial disparities, and PCI and CABG patients were more likely to 
have CR, we also cross-tabulated race by these two procedures. The percentages of patients having 

TABLE 11.7
Logistic and Log-Rate Regression Results for Black vs. White In-Hospital Mortality

Logistic Regression Log-Rate Model

OR 95% CI OR 95% CI

Pneumonia 0.54 0.39–0.75 1.14 0.83–1.56

Congestive heart failure 0.38 0.22–0.63 1.01 0.60–1.68

Acute cerebrovascular disease 0.68 0.54–0.87 1.29 0.88–1.88

Acute and unspeci�ed renal failure 0.34 0.22–0.54 NS NS

Respiratory failure, insuf�ciency, arrest 0.71 0.55–0.91 1.57 1–2.45

Fracture of neck of femur (hip) 0.31 0.11–0.83 1.5 0.56–4.05

Syncope 4.43 1.18–16.60 NS NS

Intracranial injury 0.48 0.34–0.67 1.82 1.31–2.53

Avoidable hospitalization 0.48 0.36–0.64 1.22 0.92–1.62

Note:	 Both logistic and log-rate models are age and sex adjusted. The at-risk population for the log-rate model is 
from the 2010 census. NS, no stable estimates.
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TABLE 11.8
AMI Outpatient Rehabilitation Rate among Age 65+

No Rehab With Rehab N p-Value

Overall 61.18% 38.82% 7646 Chi-square

Sociedemographics
Age 65–69 45.68% 54.32% 1517 <0.0001

Age 70–74 48.63% 51.37% 1458  

Age 75–79 55.36% 44.64% 1391  

Age 80–84 65.23% 34.77% 1412  

Age 85–89 79.24% 20.76% 1079  

Age 90+ 92.52% 7.48% 789  

Sex: Female 66.82% 33.18% 3626 <0.0001

Sex: Male 56.09% 43.91% 4020  

Race: White 60.55% 39.45% 7037 <0.0001

Race: Black 67.40% 32.60% 457  

Race: other 71.71% 28.29% 152  

Poverty (0%–4.99%) 53.16% 46.84% 1185 0.0004

Poverty (5%–9.99%) 59.06% 40.94% 2616  

Poverty (10%–14.99%) 64.41% 35.59% 2245  

Poverty (15%–19.99%) 63.21% 36.79% 685  

Poverty (20% or more) 68.20% 31.80% 915  

Treatment Procedures
PCI (no) 71.52% 28.48% 4631 <0.0001

PCI (yes) 45.32% 54.69% 3015  

CABG (no) 64.63% 35.37% 6834 <0.0001

CABG (yes) 32.14% 67.86% 812  

Comorbidity
COPD (no) 59.44% 40.56% 6331 <0.0001

COPD (yes) 69.58% 30.42% 1315  

Diabetes (no) 61.01% 38.99% 5886 0.5699

Diabetes (yes) 61.76% 38.24% 1760  

Renal disease (no) 59.66% 40.34% 6753 <0.0001

Renal disease (yes) 72.68% 27.32% 893  

HP (no) 63.82% 36.18% 3090 <0.0001

HP (yes) 59.39% 40.61% 4556  

Cerebrovascular disease (no) 60.39% 39.61% 7183 <0.0001

Cerebrovascular disease (yes) 73.43% 26.57% 463  

Cancer (no) 60.64% 39.36% 7389 <0.0001

Cancer (yes) 76.65% 23.35% 257  

Locational Factors
Rural 62.65% 37.35% 4554 0.0014

Urban 59.02% 40.98% 3092  

Not a rural bypasser 63.33% 36.67% 5828 <0.0001

Rural bypasser 54.29% 45.71% 1818  

Note:	 A rural bypasser is a rural resident who went to an urban hospital for care.
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CABG were 10.63, 10.5, and 10.53, respectively, for Whites, Blacks, and Other races; the percent-
ages of patients having PCI were 39.35, 39.82, and 42.11, respectively. These percentages indicate 
that Blacks were equally likely to have PCI or CABG procedures as White patients. Based on 
the facts that (1) Black patients were less likely to have CR and (2) PCI and CABG patients were 
more likely to have CR, Black patients having either PCI or CABG were much more less likely to 
have CR.

Given the importance of hospital procedures, we intend to run two models, one without proce-
dures and the other with procedures. Preliminary results suggest that CABG had some correlation 
with other variables, such as rural bypassers. We therefore did not include it in the �nal analysis. 
Table 11.9 displays the �nal multivariate analysis using the backward-selecting method. The mul-
tivariate results essentially retained univariate results. In particular, Black patients were 38% less 

TABLE 11.9
Logistic Regression on Factors Associated with Having AMI Rehabilitation

Model I without PCI Indicator Model I with PCI Indicator

OR 95% CI OR 95% CI

Age (ref age 65–69)
Age 70–74 0.915 0.789–1.061 0.915 0.828–1.120

Age 75–79 0.712 0.612–0.829 0.712 0.677–0.921

Age 80–84 0.486 0.416–0.568 0.486 0.459–0.629

Age 85–89 0.232 0.193–0.279 0.232 0.220–0.320

Age 90+ 0.074 0.056–0.099 0.074 0.070–0.126

Sex (male vs. female) 1.284 1.160–1.422 1.250 1.127–1.386

Race (ref White)
Black 0.624 0.503–0.774 0.652 0.524–0.811

Other races 0.546 0.376–0.793 0.549 0.376–0.803

Poverty (ref <5%)
Poverty (5%–9.99%) 0.869 0.745–1.013 0.851 0.730–0.992

Poverty (10%–14.99%) 0.706 0.600–0.83 0.688 0.587–0.807

Poverty (15%–19.99%) 0.734 0.595–0.905 0.720 0.582–0.890

Poverty (20% or more) 0.562 0.462–0.683 0.570 0.468–0.695

PCI (ref no) 2.156 1.944–2.391

Comorbidity (ref no)
COPD 0.563 0.491–0.645 0.592 0.516–0.680

Diabetes 0.862 0.765–0.970 0.883 0.783–0.996

Renal disease 0.611 0.517–0.724 0.678 0.572–0.804

HP 1.268 1.143–1.406 1.207 1.087–1.341

Cerebrovascular disease 0.549 0.438–0.687 0.609 0.485–0.765

Cancer 0.434 0.319–0.591 0.477 0.349–0.651

Location Factors
Rural bypassers (yes vs. no) 1.494 1.308–1.707 1.319 1.141–1.525

Urban vs. rural 1.32 1.168–1.493

Distance to hospital  0.998 0.997–1.000

Note:	 Positive AMI rehabilitation is determined by searching for two CPT codes (93797 and 93798) in 
the outpatient visits. If one of the codes is found, rehab is yes; otherwise, it is no. PCIs are de�ned 
according to the Dartmouth Atlas: International Classi�cation of Diseases (ICD) procedure codes 
00.66, 36.06, 36.07, and 36.09.
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likely to have CR than White patients, and patients of Other races fared even worse at 45% less 
likely. In Model II, we include PCI and found that having PCI increased the odds of rehabilitation 
by more than 100%. In the meantime, what used to be a signi�cant rural–urban place of residence 
factor dropped from the �nal model, suggesting that having PCI explained some rural–urban dif-
ferences in rehabilitation. The introduction of PCI in Model II also reduced the odds ratio for the 
bypasser effect from 49% (odds ratio [OR] 1.494, 95% CI 1.308–1.707) to 32% (OR 1.319, 95% CI 
1.141–1.525) more likely.

In this case study, we assessed racial disparities in CR. We concluded that reduced odds in reha-
bilitation for Black and Other race patients were independent of many risk factors, such as age, sex, 
SES, in-hospital procedures, comorbidities, and place of residence. A previous study by Johnson 
et al. (2004) in the United Kingdom showed that patient’s educational level is an important predictor 
of rehabilitation; those having an education beyond high school were much more likely to enroll in 
a CR program. In a U.S. multicenter perspective study, those avoiding health care because of cost 
were also less likely to participate in CR (Parashar et al., 2012), whereas Whites and those with a 
high school diploma were more likely to participate in CR at 6 months after AMI. We used neigh-
borhood poverty as a proxy measure, and it showed that area poverty level is an independent factor 
associated with CR, which is consistent with Paarashar et al.’s �ndings. Another important factor 
is underreferral of CR among minorities at discharge (Aragam et al., 2011); however, an early and 
smaller sample study of the Get With the Guidelines program on post-AMI referral and enrollment 
into a CR program showed that underenrollment was a signi�cant barrier (Mazzini et al., 2008). 
Although we could not directly test referral issues, information from treatment suggests that minor-
ity patients were either underenrolled or underreferred. Cultural differences could be a reason for 
lack of referral and less awareness of CR bene�ts. A study by Barber et al. (2001) found that the 
ability to speak English is a strong predictor of lack of CR referrals. Since many Hispanic patients 
and some Black refugee patients do not speak English in Nebraska, language barriers could also be 
a factor (Gregory et al., 2006; Sanderson et al., 2007).

Although it was not our main interest, locational factors also play some role in having CR care. 
Urban residents were 32% more likely to have CR, while rural bypassers were 49% more likely. 
Since rural bypassers who sought AMI care were already in big urban areas, it was a lot easier for 
them to stay longer to be enrolled into a CR program. There is certainly some interaction between 
place of residence and procedures; as we found once PCI was introduced into a multivariate model, 
the place of residence factor become nonsigni�cant. Likewise, we observed a quite substantial 
reduction in odds ratio for the bypasser effect when PCI was introduced.

11.6  CHAPTER SUMMARY AND CONCLUDING REMARKS

Racial disparity surveillance should be at the forefront of hospital-based surveillance efforts. In 
Nebraska, however, race was not included in most HDD. For this reason, we had to derive the 
race variable from multiple public health databases and government records. This was part of the 
data infrastructure building effort that involved a half-dozen public health datasets and more than 
1.5 million records. Without this effort, we would not be able to conduct any racial disparity sur-
veillance based on HDD. As the Affordable Care Act is fully implemented, race information will 
be collected, so that we will not have to conduct such a large data infrastructure project again. 
Nevertheless, our project helped to establish baseline data by race for the whole state of Nebraska, 
beginning in 2005.

Another consideration of race-based assessment is program needs. Although many disease-
oriented programs, such as cardiovascular disease (CVD), cancer, and injury, are interested in 
both incidence and prevalence, the state health disparity program was more interested in preva-
lence. Questions such as racial disparity in having diabetes or HP are important and conceptually 
more intuitive for minority health disparity reports. Although some of these questions can be 
obtained from the Behavioral Risk Factor Surveillance System (BRFSS), the BRFSS only had 
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limited disease-related questions, and the BRFSS is very costly if a state wants to add a minority 
panel to produce reliable race-speci�c estimates for local health departments, which are about the 
size of three or �ve counties combined, in most cases. Such a geographic unit would not permit 
small-area analysis and potentially small-area-targeted interventions. For this reason, we adopted 
the approach of patient-based estimates rather than record-based estimates when engaging dispar-
ity surveillance.

Besides a small degree of uncertainty about race linkage that we have not yet been able to inde-
pendently evaluate, we devoted a fair amount of space to evaluate at-risk population uncertainties 
due to multiple races from the 2010 census. Here, we wanted to produce conservative estimates for 
incidence rates for Blacks by pooling all the two or more races into Blacks. In so doing, we in�ated 
the rates for both Whites and Other races. Since the population size for Other races is not large, the 
potential in�ation could be large.

In assessing rates between Whites and Blacks, one needs to establish some criteria. First, the 
racial pro�les between our hospitalization data and census population data should be compara-
ble, and this was true after adjusting the multiracial group in the census data. Second, hospital-
derived incidence and prevalence should be much smaller than survey-derived rates. Since we do 
not have clinically validated estimates within the state, we used the National Health Interview 
Survey data reported by Beckles and Chou (2013). Using diabetes in panel B of Table 11.4 as 
an example, the incidence rates for Whites and Blacks were, on average, 1.25% and 4.23%. The 
corresponding prevalence rates from the National Health Interview Survey were 6% and 10.9% 
based on the 2006 estimates. Since the incidence rate in the hospital data is higher than the prev-
alence rate, the number we had was at least reasonable. Third, disease-speci�c hospitalization 
disparities may help in the evaluation process. Diabetes is an ACSC, and Blacks tend to be more 
often hospitalized for it than Whites. For this reason, the hospital-based relative rate between 
Whites and Blacks should be much higher than the survey-based rates. The relative hospitaliza-
tion rate was 230% higher among Blacks than among Whites. Nationally, diabetes prevalence 
ranged from 82% to 66% higher among Blacks than among Whites between 2006 and 2010. 
Finally, there are many hospital-based research �ndings that we could tap into. However, this 
would require a metadata analysis, as most research-based study designs tend to include many 
more control variables than what we had in this chapter. We did not calculate age-speci�c dis-
ease rates, and we suspect that some very high rates for Blacks might be due to the age effect. 
For instance, the national study by Crosby et al. (2013) showed that age-speci�c suicide rates for 
non-Hispanic Blacks were the highest between age 15 and 29 years. If the Nebraska rates fol-
lowed the same distribution, they would contribute signi�cantly to the higher standard suicide 
rates among Blacks.

Race tends to interact with many disparity dimensions. For this reason, there are more interac-
tions that need to be considered in the racial disparity surveillance. Our conservative calculations of 
standard hospitalization rates showed that most diagnoses among Blacks doubled those for Whites. 
Decomposing race effects by neighborhood SES would enlarge the Black–White disparity for the 
midpoverty group and the White–Other races disparities for the high-poverty groups. Our model-
based estimates showed that Blacks were not only more likely to be admitted, but also more likely 
to be readmitted to hospitals. Blacks also had higher mortality rates than Whites in major diseases, 
but they were less likely to die in the hospital than White patients.

At this point, we want to point out that mental health–related diseases and conditions persistently 
showed SES gradients. In Chapter 8, we found SES gradients with mental health–related conditions. 
In Chapter 9, we found clear SES gradients in suicide. In Chapter 10, we found SES gradients in 
self-in�ict injury, and in this chapter, we again found SES gradients in suicide and mental health–
related hospitalization. The founder of socioepidemiology, Durkheim showed that suicide was asso-
ciated with social cohesion and suggested social intervention (Van Poppel and Day, 1996). After 
100 years, we witness the same stubborn problem with the SES gradients, suggesting lack of social 
cohesion in high-poverty neighborhoods.
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In our case study of CR for AMI patients, we found that Blacks and Other races were much 
less likely to participate in an outpatient CR program than Whites. This effect was independent 
of many risk factors, such as age, sex, SES, in-hospital procedures, comorbidities, and place of 
residence.

APPENDIX 11A: �RACE ADJUSTMENT STRATEGIES USING CENSUS DATA

We noted that the Asian and American Indian populations were too small to have their own cat-
egories for stable incidence rates; we therefore grouped them with Other in the following racial 
disparity assessment. We used census 100% summary �les or census DEC_10_SF1_P12 �les 
A–G series to derive age group and sex for each single-race and multiple-race category. In par-
ticular, we used DEC_10_SF1_P12A for White alone and DEC_10_SF1_P12B for Black alone 
to derive single-race-alone at-risk populations for Blacks and Whites. We used census tables 
DEC_10_SF1_P12C to DEC_10_SF1_P12F (some other race alone) to combine all other single-
race categories. We them used DEC_10_SF1_P12G (two or more races) to create the “two or more 
races” category that can be combined with Other (design A) or Blacks (design B) in Figure 11.1. 
Design A makes no attempt to adjust the at-risk population, in which Whites and Blacks in the 
HDD �le are assumed to align nicely with single race from the census �les. This design would 
in�ate the race-speci�c hospitalization rate because it does not take two or more races into con-
sideration in the Black or White at-risk population. In design B, we moved “two or more races,” 
which accounted for 2.2% of the state population, to the Black population group. This alternative 
design assumes that all people who checked two or more races had at least one race being Black. 
This oversimpli�cation will de�nitely de�ate the Black hospitalization rate, but it will generate 
conservative estimates for Blacks.

In Table 11.A1, we assess denominators (at-risk population) by sex-speci�c age distributions 
for three racial groups: Whites, Blacks, and Other races, where Other races include other single 
races and two or more races. The three groups represent White alone, Black alone, and Other 

TABLE 11.A1
Population Age Distributions by Race According to the 2010 Census

White Black Other 

Single Race Single Race Single Race 2 or More Races

Percent Male Female Male Female Male Female Male Female

N 777,280 795,558 42,138 40,747 67,246 63,862 19,632 19,878

0–14 19.86 18.46 27.04 26.67 30.30 31.07 51.26 49.29

15–25 13.95 13.05 18.19 17.34 18.80 17.82 18.07 18.35

25–34 13.29 12.60 15.76 14.95 18.87 17.77 11.80 12.59

35–44 12.20 11.68 12.95 12.52 15.06 14.63 7.86 7.82

45–54 15.01 14.71 12.87 12.61 9.20 9.37 5.80 6.03

55–64 12.60 12.62 7.72 8.28 4.97 5.68 3.12 3.39

65–74 7.09 7.72 3.49 4.31 1.95 2.36 1.39 1.51

75–84 4.40 5.91 1.65 2.46 0.66 1.03 0.47 0.70

85+ 1.61 3.26 0.33 0.87 0.18 0.28 0.23 0.32

Total 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00

% of total N 42.56 43.56 2.31 2.23 3.68 3.50 1.07 1.09

Note:	 Blacks and Whites are based on one race only. Other, all other single-race groups and the two or more race group. 
Total N (Nebraska population) was 1,826,341 in 2010.
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races that include Other race alone and two or more races. Together, they represented the total 
population, 1,826,341 in 2010. The last row has their distributions, with White males and females 
being 42.56% and 43.56%, respectively. Black males and females account for 2.31% and 2.23%, 
and Other races account for 9.3%. Here the 9.3% of Other races include 2.2% two or more races, 
1.07% for males and 1.09% for females. As the table shows, racial minorities are heavily distrib-
uted in younger age groups, while Whites are more concentrated in older age groups. In all racial 
groups by sex, more than 30%–60% of populations were younger than 25, with age distributions 
progressively younger as we move from White to other races. The two or more racial groups 
under the Other category had the youngest population, with about 50% in the age 0–14 group. 
On the other hand, age 75+ accounted for <10% of populations in all racial groups, with Blacks 
and other racial groups being <4%. These age distributions suggest Whites were expected to have 
more hospitalizations due to the aging population.

Table 11.A2 lists patient admission distribution by age and race. Let’s start with age distri-
butions. Consistent with the notion of vulnerable populations of the very young and very old, 
hospital admissions were dominant by the two tails. In all racial groups by sex, patients younger 
than age 25 ranged from 24% to 52%, with age-speci�c admissions progressively toward higher 
percentages as we move from White to Other races. In the age group 0–14, hospital admissions 
for males in the Other race category accounted for 45.7% of this race group, and males tended to 
have 80% more hospital visits than females in this age group, suggesting predominant Hispanic 
patients in this category. On the other end of age spectrum, those age 75+ accounted for more 
than 27% male admissions, compared to 6% of the male population for Whites; the corresponding 
numbers for White females are 26% and 9% for hospital admissions and population, respectively. 
For Blacks and the Other race group, the gaps between age distributions of patient admissions 
and population are much smaller, but the ratios of the patient and population age distributions are 
similar to those of Whites.

We stress that the Blacks in HDD had 8.6%, or nearly twice the percentage of Blacks in the 
Nebraska population, while the Other race in HDD had 6.6% compared to 9.1% of other population. 

TABLE 11.A2
Sex-Specific Patient Age Distributions by Race Groups

Age Group

White Black Other

Male Female Male Female Male Female

N (1,372,852) 472,545 688,880 48,436 69,561 33,319 60,111

0–14 20.71 12.90 18.11 11.40 45.70 23.24

15–25 3.50 8.97 7.23 14.78 6.64 20.79

25–34 3.37 15.09 8.55 13.94 6.68 23.34

35–44 5.12 7.56 10.53 10.69 8.82 10.42

45–54 9.78 8.11 17.29 12.99 11.53 7.59

55–64 13.66 9.42 14.91 11.68 9.54 5.52

65–74 16.62 11.62 11.81 10.46 5.93 4.03

75–84 18.35 15.06 8.97 9.38 3.76 3.40

85+ 8.91 11.26 2.61 4.69 1.40 1.67

100.00 100.00 100.00 100.00 100.00 100.00

% of N (1,372,852) 34.4 50.2 3.5 5.1 2.4 4.4

Note:	 More than 92% of the race records were derived from other data sources. The total number of in-state hospital 
records (N) was 1,372,852 from 2005 to 2011.
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Hence, moving the “two or more races” group to Black in the at-risk population would move Black 
and Other at-risk populations closer to the corresponding patient visit distributions. Although it 
would be more reasonable to allocate some of the 2.2% of two or more race groups to White, some 
to Black, and some to the Other racial category, in the absence of a quick and easy method, we 
preferred design B in Figure 11.1.

TABLE 11.A3
Standard Comorbidity Incidence by Sex and Race for Common Causes of Death

Comorbidities

White Black Other

Male Female Male Female Male Female

Panel A
Heart disease 3045 2181 8599 7468 2822 2673

Cancer 806 621 1143 1026 379 295

Chronic lower respiratory 
diseases

451 358 1423 1337 506 450

Stroke 1334 1302 3671 4557 1167 1443

Unintentional injuries 555 523 1979 1593 644 568

Alzheimer’s disease 133 123 384 394 97 139

Diabetes 1363 1214 4705 5492 1874 2174

Kidney diseases 942 630 3524 3030 1152 1052

In�uenza and pneumonia 781 621 1719 1663 713 706

Suicide 32 21 121 53 42 32

Panel B
Heart disease 3045 2181 7162 6300 3456 3305

Cancer 806 621 950 853 463 361

Chronic lower respiratory 
diseases

451 358 1196 1129 622 555

Stroke 1334 1302 3004 3683 1433 1767

Unintentional injuries 555 523 1563 1301 791 709

Alzheimer’s disease 133 123 317 335 124 175

Diabetes 1363 1214 3901 4559 2267 2643

Kidney diseases 942 630 2911 2538 1401 1297

In�uenza and pneumonia 781 621 1390 1363 891 889

Suicide 32 21 94 41 51 39

Rate Ratios of A to B
Heart disease 1.00 1.00 0.83 0.84 1.22 1.24

Cancer 1.00 1.00 0.83 0.83 1.22 1.22

Chronic lower respiratory 
diseases

1.00 1.00 0.84 0.84 1.23 1.23

Stroke 1.00 1.00 0.82 0.81 1.23 1.22

Unintentional injuries 1.00 1.00 0.79 0.82 1.23 1.25

Alzheimer’s disease 1.00 1.00 0.83 0.85 1.28 1.26

Diabetes 1.00 1.00 0.83 0.83 1.21 1.22

Kidney diseases 1.00 1.00 0.83 0.84 1.22 1.23

In�uenza and pneumonia 1.00 1.00 0.81 0.82 1.25 1.26

Suicide 1.00 1.00 0.77 0.78 1.21 1.24

Note:	 Comorbidities are standardized per 100,000 by searching up to 10 diagnoses. Blacks and Whites in panel A 
are based on one race only. Blacks in panel B include Black alone and two or more race categories.
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APPENDIX 11B: COMPANION TABLES FOR TABLES 11.2 THROUGH 11.4

Table 11.A3 is a companion for Table 11.2. It compares incidence rates with (panel B) and without 
(panel A) two or more race adjustments. Without the adjustment, incidence rates among Blacks 
doubled those for Whites in most diseases. White males had higher rates for heart disease and can-
cer, while Other males had higher rates for stroke and COPD. The general conclusion is the same 
as in Table 11.4.

Table 11.B1 is a companion for Table 11.3. The results from incidence rates in this table were 
broadly consistent with those from prevalence (Table  11.3). For the Whites, poor neighbor-
hoods tended to be associated with higher comorbidity rates. All rate ratios were above 1 except 
Alzheimer’s disease for midpoverty. The general pattern for the Other race group is similar to that 
of Whites.

Table 11.B2 is a companion for Table 11.4. It simply reports results based on records rather than 
patient.

Again, the results were broadly consistent with those reported from Table 11.4.

TABLE 11.B1
Standard Comorbidity Incidence Rates by Race and Poverty

Disease

White Black Other

Low 
Pvt Mid-Pvt

High 
Pvt

Low 
Pvt Mid-Pvt

High 
Pvt

Low 
Pvt Mid-Pvt High Pvt

Incidence

D1 2,331 2,529 2,942 5,888 13,806 4,953 2,720 3,462 3,526

D2 650 690 774 913 875 908 494 353 428

D3 386 385 462 1,063 2,145 923 469 636 572

D4 1,019 1,241 1,781 2,262 5,309 2,969 1,251 1,476 1,773

D5 483 549 624 1,713 2,982 1,005 610 723 839

D6 132 123 141 343 601 267 118 168 157

D7 995 1,253 1,658 3,201 7,211 3,571 1,774 2,150 2,945

D8 713 723 959 2,126 3,742 2,531 1,088 1,142 1,615

D9 526 690 868 1,023 2,454 1,136 733 907 913

D10 21 29 28 101 105 51 47 54 39

Rate Ratios
D1 1.00 1.08 1.26 1.00 2.34 0.84 1.00 1.27 1.30

D2 1.00 1.06 1.19 1.00 0.96 0.99 1.00 0.71 0.87

D3 1.00 1.00 1.20 1.00 2.02 0.87 1.00 1.36 1.22

D4 1.00 1.22 1.75 1.00 2.35 1.31 1.00 1.18 1.42

D5 1.00 1.14 1.29 1.00 1.74 0.59 1.00 1.18 1.38

D6 1.00 0.93 1.07 1.00 1.75 0.78 1.00 1.42 1.33

D7 1.00 1.26 1.67 1.00 2.25 1.12 1.00 1.21 1.66

D8 1.00 1.01 1.34 1.00 1.76 1.19 1.00 1.05 1.48

D9 1.00 1.31 1.65 1.00 2.40 1.11 1.00 1.24 1.25

D10 1.00 1.38 1.38 1.00 1.04 0.50 1.00 1.15 0.84

Note:	 Companion table for Table 11.3. D1, heart disease; D2, cancer; D3, chronic lower respiratory diseases; D4, stroke; 
D5, unintentional injuries; D6, Alzheimer’s disease; D7, diabetes; D8, kidney diseases; D9, in�uenza and pneumonia; 
D10, suicide. Low-pvt census tracts, <5% people under the poverty level; mid-pvt census tracts, >5% and <15% 
people under the poverty level; high-pvt census tracts, >5% people under the poverty level.
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TABLE 11.B2
Racial Disparities (Odds Ratios) in Comorbidities

Comorbidities Black CI: 95% Other CI: 95%

All hospitalizations 1.508 1.497–1.519 1.341 1.331–1.351

Pneumonia 1.926 1.877–1.975 1.294 1.252–1.338

Osteoarthritis 2.542 2.48–2.605 1.007 0.964–1.051
Congestive heart failure 2.961 2.897–3.026 1.575 1.521–1.63

Septicemia (except in labor) 2.311 2.229–2.396 1.394 1.329–1.462

Mood disorders 2.562 2.521–2.603 1.090 1.066–1.115

Cardiac dysrhythmias 2.533 2.485–2.581 1.210 1.174–1.247

COPD and bronchiectasis 2.395 2.344–2.447 1.068 1.03–1.107

Back problems 2.305 2.244–2.369 1.077 1.035–1.12

Skin and subcutaneous tissue infections 2.285 2.206–2.366 1.345 1.285–1.407

Coronary atherosclerosis 2.718 2.672–2.766 1.363 1.326–1.4

Urinary tract infections 2.695 2.631–2.761 1.642 1.589–1.697

Nonspeci�c chest pain 3.710 3.59–3.834 1.943 1.856–2.035

AMI 2.718 2.6–2.84 1.488 1.394–1.588

Acute cerebrovascular disease 2.973 2.832–3.121 1.652 1.538–1.775

Diabetes mellitus with complications 3.890 3.784–4 2.241 2.16–2.325

Biliary tract disease 1.980 1.894–2.071 1.510 1.435–1.59

Fluid and electrolyte disorders 2.434 2.395–2.472 1.431 1.401–1.462

Asthma 3.115 3.045–3.187 1.479 1.434–1.526

Schizophrenia and other psychotic disorders 5.363 5.202–5.529 1.672 1.593–1.754

Acute and unspeci�ed renal failure 3.628 3.529–3.73 1.643 1.573–1.717

Respiratory failure, insuf�ciency, arrest 2.495 2.417–2.574 1.192 1.137–1.25

Gastrointestinal hemorrhage 2.845 2.721–2.976 1.793 1.689–1.904

Intestinal obstruction without hernia 2.245 2.158–2.335 1.132 1.07–1.198

Pancreatic disorders (not diabetes) 3.454 3.294–3.621 1.889 1.777–2.007

Diverticulosis and diverticulitis 2.275 2.165–2.39 1.154 1.07–1.244

Fracture of neck of femur (hip) 2.266 2.109–2.435 0.948 0.83–1.084
Epilepsy, convulsions 2.744 2.657–2.835 1.384 1.325–1.445

Appendicitis and other appendiceal conditions 1.074 0.992–1.163 1.063 0.984–1.148
Alcohol-related disorders 4.232 4.125–4.342 1.899 1.835–1.965

Fracture of lower limb 2.711 2.566–2.866 1.492 1.388–1.604

Other nervous system disorders 2.615 2.553–2.678 1.236 1.194–1.279

Syncope 2.787 2.632–2.951 1.373 1.259–1.496

Substance-related disorders 4.551 4.43–4.676 1.753 1.688–1.82

Intracranial injury 3.154 2.98–3.337 1.535 1.421–1.659

HP with complications and secondary HP 4.886 4.776–4.998 2.466 2.382–2.554

Other fractures 2.916 2.772–3.067 1.349 1.251–1.455

Intestinal infection 1.686 1.588–1.79 1.092 1.012–1.178

Secondary malignancies 1.311 1.245–1.38 0.534 0.49–0.582

Anemia 2.788 2.736–2.841 1.766 1.723–1.81

Avoidable hospitalization 2.793 2.763–2.822 1.536 1.514–1.559

Note:	 Companion table for Table 11.4. Comorbidities are based on up to nine diagnoses. All odds ratios are patient diag-
nosis rather than record diagnosis speci�c. If a patient had asthma hospitalizations, only one is counted. If a con�-
dence interval crosses 1, it is not statistically signi�cant. All race categories are derived from data linkage with other 
data sources. All odds ratios are in reference to Whites. Bold means not signi�cant.
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12 Using Emergency Department 
Data to Conduct Surveillance

12.1  INTRODUCTION

There are hundreds of millions of emergency department (ED) visits each year in the United States, 
and ED visits accounted for 50% of inpatient admission in 2009 (Morganti-Gonzalez et al., 2013). 
EDs are the only universally accessible source of outpatient care that is available 24/7. Many disease 
outbreaks of public health signi�cance can be detected via ED data. However, ED data are tradi-
tionally used respectively for health service research, and their use in public health assessments has 
been infrequent. One major public health use of ED data early on was to prepare and track events, 
such as major sports (Weiss et al., 1988), heat waves (Rydman et al., 1999), and natural disasters 
(Lee et al., 1993; Greene et al., 2013). In those ad hoc assessments, ED data were either compiled by 
local public health agencies for a speci�c purpose or extracted by researchers, sometimes manually. 
Such event-based data analyses can hardly be incorporated into public health reporting systems due 
to unstandardized and laborious data compilation.

In recent years, most EDs have adopted an electronic medical records system, which provides a 
data source that can be used by many syndromic surveillance systems in real time or near real time. 
This trend, together with trends in new emerging infectious diseases and bioterrorism threats, puts ED 
data to the forefront of syndromic surveillance systems nationwide. Now, most states and local health 
departments have some kind of syndromic surveillance system that includes real-time reporting from 
EDs to public health agencies. Surveillance in real time often uses pro�le data from previous time 
units (year, month, week, day) as the referent. If the incidence within a time unit was excessive, it may 
set an alarm. There are many syndromic surveillance systems that are currently used by state and 
local health departments. Examples include the Early Noti�cation of Community-Based Epidemics 
(ESSENCE) and the Centers for Disease Control and Prevention (CDC)-supported BioSense system. 
ESSENCE included 29 or more in�uenza-like illnesses (ILIs) based on International Classi�cation 
of Diseases, Ninth Revision (ICD-9) diagnosis codes that can be linked or extracted directly from 
an ED electronic record system. After years of implementation, both technologies and practices in 
syndromic surveillance have matured enough, and they have become a routine part of surveillance 
activities in many local health agencies.

The primary purpose of syndromic surveillance is to detect and respond to potential public 
health emergencies. In this regard, syndromic surveillance detects disease signals that generally 
precede diagnoses or an outbreak. However, data collected from the system can be used to address 
public health issues during nonemergency situations. Buehler et al. (2004) listed eight public health 
functions that surveillance serves; besides (1) outbreak detection, the rest are not time sensitive: (2) 
supporting case �nding, (3) estimating the impact of a disease, (4) tracing the natural history of a 
health condition, (5) determining the spread of illness, (6) generating hypotheses, (7) evaluating 
prevention and control measures, and (8) facilitating planning. These latter seven functions �t well 
with chronic disease surveillance functions using ED data. Massive data are collected daily through 
syndromic and other public health reporting systems, and they sit in various public health database 
systems that can be tapped for other public health assessments. This is perhaps the impetus of recent 
initiatives of incorporating syndromic surveillance infrastructure into chronic disease surveillance. 
One limiting factor of using ED data from surveillance systems is that the number of participating 
hospitals varies substantially due to extra staff workload that cannot be fully compensated. In addi-
tion, most hospitals only allow a limited set of diseases or conditions to be extracted. Even though 
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the CDC has long developed the Data Elements for Emergency Department Systems (DEEDS), and 
has recently been included in stage 3 meaningful use, it takes time to trickle down into real-world 
surveillance systems.

Alternatively, one can look for opportunities to use ED outpatient claims data as a source of sec-
ondary data analysis. ED claims data are parts of outpatient data generated for patient treatment and 
billing. Diagnosis information and patient demographics can feed syndromic surveillance too, in the 
same way as from an ED, but a lot more simply and easily. With today’s technology, it can be close 
to real time (daily or weekly). Within a public health agency, if we are willing to use ED data retro-
spectively, it is possible to update ED data on a monthly or seasonal basis. An advantage of using ED 
claims data is that data format and variable names tend to follow the national standards, and most data 
specialists within a public health agency can readily analyze these data if they have had experience 
with inpatient claims data. For those without experience, it would still not be dif�cult, as there are only 
a limited number of variables. One notable difference between inpatient claims data and outpatient 
claims data is that the former use procedure codes to document treatment, while the latter use correct 
procedure terminology (CPT) codes to document treatment. However, since most public health agen-
cies do not deal with treatment, this difference poses very little challenge to data analysts at this point.

Compared to inpatient data, ED data tend to be more frequent, with a lot more records on any 
particular day. In addition, ED data tend to be more re�ective of seasonal or other disease cycles 
than inpatient data, as the latter tend to be more schedule driven. In the context of meaningful use of 
clinical data, we expect that it will become more and more common to use ED data extracted either 
directly from hospitals or indirectly from claims data. In either case, public health surveillance spe-
cialists need to be prepared or trained for secondary data analysis, so that surveillance system data 
or secondary data can be used to address other public health issues. In some way, ED data are quite 
similar to ambulatory clinical data. Getting familiar with ED data analysis would prepare public 
health data analysts to conduct meaningful use of ambulation clinic data for surveillance. With 
future secondary data analysis needs in mind, we selected both infectious and chronic diseases 
from outpatient data. We chose ILI because it is one of the most commonly monitored syndromes 
in surveillance systems. We chose external injuries because they �t both disaster relief efforts and 
chronic disease preventions. We used ILI to examine potential population and geographic vulner-
abilities, and we used external injuries to examine the potential effects of climate change in terms 
of extreme weather.

12.2  INFLUENZA AND POPULATION VULNERABILITY

In�uenza can cause widespread illness, considerable loss of life, economic disruption, and long-
term health and economic outcomes (Almond, 2006; Greene et al., 2006; Viboud et al., 2013). 
While the seasonal in�uenza is anticipated each year, its impacts on different population segments 
are less understood, especially at a local level. Timely evaluation of in�uenza-related morbidity is a 
priority for seasonal surveillance and pandemic preparedness. Syndromic surveillance for in�uenza 
is based on chief complaints and ICD-9 diagnosis to capture ILI before the laboratory-con�rmed 
diagnosis (Travers et al., 2013). In syndromic surveillance, electronic reporting of ED chief com-
plaints is available, but we do not use this due to lack of reporting hospitals. Since chief complaints 
and associated keywords are not available in outpatient claims data, we used 29 diagnosis codes 
embedded in ESSENCE to code ILI (Lombardo, 2003). In addition, we added the con�rmed cases 
by the ICD-9 code 488 (in�uenza due to the identi�ed avian in�uenza virus). This approach is 
appropriate for secondary data analysis because diagnosis codes are available from both claims data 
and syndromic surveillance systems.

We used outpatient claims data from the Nebraska Hospital Association, with admitting sources 
being the ED. This item was unfortunately dropped in the middle of 2010. For this reason, we 
only had data from January 1, 2005 to June 26, 2010. Individual ED visit data were aggregated 
by age group, rural–urban areas, and week ending on Saturday. We followed Olson et al.’s (2007) 
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methodology with a minor twist. We used rates rather than disease counts, because sometimes not 
all EDs reported data, especially in the last few weeks of June in 2010. In addition, the �rst week in 
2005 was not a full week. Consequently, count-based calculation would have wider variation than 
rate-based calculation. The ILI rate is de�ned as the number of ED ILI visits divided by the total 
ED visits within the state.

There was a total of 1,850,830 ED visits from the outpatient data between January 2005 and 
June 2010. Among them, 10.51% were ILI. In order to see if there was an urban–rural difference, 
the ILI rates were plotted by place of residence (Figure 12.1), where urban areas include Douglas, 
Sarpy, and Lancaster Counties. As one can see, both rural and urban areas followed almost identi-
cal ILI cycles, with a slightly higher rate for urban areas than in rural areas. In almost any given 
week, at least 5% of ED visits were due to ILI. Each year, there was an ILI peak around late January. 
Although the peaks seem higher each year after 2005, there is no clear secular trend. It is worth not-
ing that the 2009 peak came rather early. Both rural and urban areas peaked between the second and 
fourth weeks of October, with an average rate of 28%. The 2009 H1N1 in�uenza pandemic occurred 
at a time when pandemic preparedness was geared toward H5N1 viruses. The mismatch of vaccine 
perhaps contributed to the early arrival of the pandemic, because seasonal in�uenza vaccine would 
not provide any signi�cant protection against the 2009 H1N1 virus.

In Figure 12.2, we compare ILI cycles by four age groups. Due to potential small frequencies for 
calculating a stable rate, we only used four age groups: ≤5, 6–18, 19–64, and ≥65. It is very clear 
that not only different age groups had different rates, but also some age groups were quite different 
in terms of ILI cycles. The greatest contrast was between the age ≤5 and ≥65 groups. For the young 
age group, there were six peaks, even though the �fth peak, or the one in the 2008–2009 winter, was 
not as clear as others. For the old age group, the last two peaks (2008–2009, 2009–2010) were not 
apparent. In fact, there was no elevated rate that corresponded to the 2009 H1N1 peak in October. It 
was reported by the CDC that about one-third of adults older than 60 years of age had cross-reactive 
antibody against the 2009 H1N1 �u virus. Children, in contrast, had no existing cross-reactive anti-
body to the virus. These results suggest that separate models are necessary to evaluate excessive 
morbidity by age groups.

Children younger than 5 years and the elderly aged 65 years and older are most vulnerable, and 
they accounted for 7.2% and 13.5%, respectively, of the total Nebraska population. To demonstrate 
how one might assess excessive morbidity, we separately modeled the young and old age groups 
using Ser�ing regression (Ser�ing et al., 1967). Let ω = π/52.18 represent the annual cycle, and 
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FIGURE 12.1  ILI ED visit rates in urban and rural Nebraska: 2005–2010.
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t index weeks from the beginning period to the end period; then a simple ordinary least-squares 
(OLS) Ser�ing regression model can be set up as

 
Mt = + ( )+ ( )+ ( )+ (α β ω β ω γ ω γ ω0 1 1 2 2cos 2 t sin 2 t cos 4 t sin 4 t))+ ( )+ ( )+δ ω δ ω ετ3 3cos 6 t sin 6 t

	 (12.1)

where Mt is the expected rate of ED visits in week t. The t index is sequential week from week 1 
in January 2005 to week 287 in June 2010. β1 and γ2 are annual sinusoidal and semiannual terms, 
respectively. In addition, we added a triannual term to capture the October peak in the 2009 H1N1 
pandemic. Conceptually, it might be better without the triannual terms, as �u tends to vary annually 
and biannually. If empirical observation does not suggest a regular triannual term, it might not be 
appropriate to include it. From the model �tting perspective, if a triannual term was signi�cant, it 
may reveal new insight. So the question of including it or not really depends on the purpose of the 
model. In addition, if a model �ts better, it may reduce the expected excessive morbidity. Finally, if 
there was a secular trend, the t term can also be included. We did not include it because it was not 
signi�cant.

The results of the Ser�ing curve are shown in Figure 12.3. All the coef�cients were signi�cant 
for the young age group, and they are listed below in parentheses:

	

Mt young 27 4 6 cos 5 964 sin 1 892 co1 1 2( )= ( )+ ( ) + ( )+. . .α β β γ0 0 ss 1 173 sin 84

cos 917 sin 993

2

3 3

– . .

– . .

( )+ ( )
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γ

δ δ

0 0

0 0

The R-squares for the unadjusted and adjusted models were 0.595 and 0.604, respectively. They 
suggest that the model �ts well, driven primarily by seasonal �u. However, it appeared that the 2009 
peak was not synchronized with the 2009 pandemic, as the model-based peak in 2009–2010 was at 
least 2 months behind.

To calculate excessive morbidity, one would simply use those coef�cients to derive the expected 
rate for each week and calculate the rate difference between the expected and the observed. From 
the second week to the fourth week of October 2009, the excessive morbidity was 1232 for the 
young age group.

To �t the old age group, we slightly tweaked the model in Equation 12.1 by adjusting the trian-
nual term to a quarterly term (8π/52.18). The parameter estimates are below.
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With the exception of δ3cos, all other terms were signi�cant, with adjusted and unadjusted R-squares 
being 0.4775 and 0.4663, respectively.

As shown in Figure 12.3, lower panel, the Ser�ing curve for the elderly captured the seasonal �u 
trend over the study period. There were at least two predicted peaks where the observed ED visits 
for ILI were lower than expected. In 2009, for instance, the CDC declared an emergency regard-
ing the 2009 H1N1 pandemic in�uenza, and there was a wide and intensive campaign to vaccinate 
vulnerable populations such as elderly and children. Although the vaccine was not that effective for 
children in terms of H1N1, it prevented expected seasonal �u peak. We can use the Ser�ing curve 
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to calculate reduced morbidity, presumably due to the heavy vaccination campaign. During the 
4-week period between January 31, 2010, and the end of February, the reduced ED visits for ILI 
were 124 for the elderly. Certainly, if we moved to October 2009, there would be a lot of excessive 
morbidity due to ILI.

Ser�ing regression models tend to capture seasonal �u trends, and they are quite useful for an 
initial morbidity assessment. However, they are not able to explain a pandemic outbreak, especially 
when the occurrence does not �t the regular cycle. In order to provide a better model �t, additional 
insights are often needed. We experimented with weather variables, school seasons (Neuzil et al., 
2002), the reported H1NI cases, time, strain, and so forth. By including these variables, we could �t 
the young age group model to an R-square above 0.80%. However, with the exception of vaccination 
coverage (which was available for the elderly in BRFSS), we felt that putting explanatory variables 
into a Ser�ing regression would weaken the periodical nature of model prediction while strengthen-
ing modeled-based predictability.

Although it is easier to explain an OLS Ser�ing regression, the rate model does not consider visit 
volume. Since ILI visits are part of the denominator, weeks with smaller visit volumes may have 
some undue in�uence on the calculations of expected rates and excessive morbidity. When the rates 
are dominated by ILI visits, as seen in the 2009 peak season, the calculated ILI excessive morbidity 
may overestimate excessiveness. To assess this effect, we compared the OLS model with a log-rate 
model (Thompson et al., 2003). We used the same set of independent variables as in the model in 
Equation 12.1 for the young age group, with the offset term being the log of the total ED visits each 
week. The predicted number of ED visits during the 4-week period from January 31, 2010, to the 
end of February was 1142, or 90 less than 1232 from the OLS estimate. Although the mean differ-
ence between the OLS regression and log-rate regression was –3.61, which was signi�cant accord-
ing to the t-test (p < 0.01), such a difference is only a fraction of the overall means of 301.3461 and 
304.9797 for the OLS and log-rate models, respectively. Hence, when the number of records is large, 
using OLS or log-rate models would yield very similar numbers of ILI visits, shown in Figure 12.4.

This brings us to the �nal point about estimated ILI rates. Visually comparing the predicted ver-
sus observed rates may provide a false impression in terms of predicted outbreak timing. If we used 
the rate estimates in the upper panel of Figure 12.3, we would pick the predicted 2009–2010 peak in 
early 2010. However, if we used the number of visits in Figure 12.4, we would pick October 2009 as 
the 2009–2010 peak. When visit volume is large during a few weeks time, a seemingly low visit rate 
would generate a high number of ILI visits. This problem is shared by all rate-based estimations, 
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because it is just a visual effect. For this reason, one should always convert rates to expected num-
bers to pick expected ILI peaks over a period of time, as shown in Figure 2.4.

Another limitation at this point is that we were unable to assess population vulnerability by racial 
groups and neighborhood socioeconomic status (SES), as outpatient data do not have race and have 
not been geocoded. However, we know the ED is an important part of the safety net for vulnerable 
populations, data collected through the ED are likely to shed light on health disparities, and knowl-
edge gained through ED disparity assessment will strengthen the safety net.

A recent SES study in New Haven was based on the surveillance system of Connecticut Emerging 
Infections Program (CT-EIP). It showed that adults residing in neighborhoods of lower SES were 
more likely to be hospitalized with in�uenza than the comparison groups (Tam et al., 2014). Such a 
study could be replicated using a chronic disease syndromic surveillance system. One concern often 
cited is that syndromic surveillance may not be population based, as only a handful of hospitals par-
ticipated in the system. However, this should not be a big concern. Assuming that a hospital catch-
ment area changes little within a year or two, one could simply evaluate population vulnerability by 
participating hospitals while not identifying a particular hospital to the general public.

12.3  LINKING WEATHER DATA TO HOSPITAL DATA

In the in�uenza analysis above, we used only time. Any climate-related association, such as sea-
sonality, is implicit by week or month of a year. In this section, we look at the climate and weather 
explicitly, as many events relating to public health are weather related, such as hurricane, tornado, 
heat wave, and cold spell. In fact, medical professionals have long thought that weather and climate 
act both directly and indirectly on human health, triggering various physiological responses and 
physical behaviors (Drake, 1850; Sargent, 1982; Peterson, 1934). The Intergovernmental Panel on 
Climate Change (IPCC) reported that “many natural systems are being affected by regional climate 
changes, particularly temperature increases” (IPCC, 2007). The IPCC also pointed out potential 
global health effects from projected climate change–related exposures, such as (1) increases in mal-
nutrition, and the effect of malnutrition on children’s development; (2) increased deaths, disease, 
and injury due to heat waves, �oods, storms, �res, and droughts; (3) increased frequency of car-
diorespiratory diseases due to higher concentrations of ground-level ozone; and (4) altered spatial 
distributions of some infectious disease vectors.

In the United States, some potential climate change–related health effects have been identi�ed, 
including respiratory problems, skin cancers, and cold and heat stroke due to exposure to extreme 
weather (Bernard et al., 2001; Greenough et al., 2001; McGeehin et al., 2001; Bunyavanich et al., 
2003; Barnett et al., 2007; Liang et al., 2008). In addition, climate change will increase weather 
variability and the frequency of severe weather conditions (Meehl et al., 2009; Alley et al., 2003). 
Recent research �ndings have shown that extreme weather conditions, both hot and cold, are asso-
ciated with excessive mortality and morbidity (Karl and Knight, 1997; Feigin et al., 2000; Ebi and 
Schmier, 2005), especially for those with cardiovascular disease (CVD) (Lin et al., 2009). Extreme 
weather, especially high temperature, is also linked to low birth weight in the United States (Lin 
and Zhang, 2012).

Figure 12.5, adapted from McMichael et al. (2006), highlights pathways from environmental 
climate effects to health effects in the context of inland areas, such as Nebraska. The leftmost 
boxes show that climate change can result from both anthropogenic greenhouse gas emissions and 
natural course of climate change. Mitigation can be entered between climate change factors and 
the three main environmental effects of climate change in the central section, while human adapta-
tion is mainly between environmental effects and the health effects of the right-hand boxes. Many 
climate change–related health effects already exist, from those caused by extreme weather, which 
are relatively simple, to those caused by more complex processes of environmental degradation. 
With the exception of extreme events, most climate change–related health effects in Nebraska and 
other inland areas of the United States will likely be close to the bottom boxes and will be hard to 
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measure (Mills, 2009). Consequently, those who live in inland areas are likely to be less concerned 
with climate change effects than are those who live in coastal regions.

In addition, the oval area in Figure 12.1 represents geographic and population vulnerabilities, 
which mediate between climate change and human health effects. Vulnerable geographic areas in 
Nebraska include (1) remote rural areas with scarce emergency response resources, (2) �oodplains, 
and (3) other ecologically sensitive areas, such as the Sand Hills in Nebraska and the Ogallala 
Aquifer, one of the largest reserves of freshwater in the world. Vulnerable populations include chil-
dren, older adults living alone, single mothers with children, and those living in poverty, and they 
tend to concentrate in a number of areas. Vulnerable geographic areas and vulnerable population 
segments are both more likely to be affected by the climate and weather effects listed in the right 
column of Figure 12.5.

In Nebraska, we do not have much evidence cited by IPCC in terms of climate change and its 
health effect. An analysis of temperature in the last 100 years showed a warming trend. As a result, 
the growing season in Nebraska in recent decades has started about 9 days earlier than in the 1950s 
(Feng and Hu, 2004), and winter wheat is also �owering 5–6 days earlier (Hu et al., 2006). Those 
trends may correspond to early pollen seasons in Nebraska, which in turn may increase the early 
onset of asthma and prolong asthma-sensitive seasons. Likewise, public health program data have 
rarely been collected for potential health impacts of climate change. However, many data, such as 
emergency medical services (EMS), hospital discharge data, and outpatient data, do have date of 
service and date of admission variables, and they can be linked to weather station data.

To demonstrate how we might utilize weather station data, we selected three urban counties in 
Nebraska that had high-quality airport weather stations. All stations had hourly data on tempera-
ture, humidity, wind speed, and precipitation in rain or snow. We generated four extreme weather 
indicator variables for 2005–2009: daily highest temperature greater than 90°F, daily lowest tem-
perature less than 20°F, having snow, and having rain. We compiled the station data according to 
the three counties where they are located and summarized the data to one record per day per county.
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FIGURE 12.5  Main pathways of effects of climate change on population health.
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We extracted ED data from outpatient data. In the three counties, we had 4,773,897 outpatient 
records from 2005 to 2009, among which 953,168 records were from the ED visits. Since each 
patient had the county of residence, we could link the weather station data within each county to 
each patient residing in the county by the date of the visit. All records were linked because there 
were no missing dates from weather station data or from ED data.

We selected external injuries as surveillance items and ran a set of age- and sex-adjusted logistic 
regressions to see if the 10 types of external injuries in Table 10.6 were signi�cantly associated with 
any of four weather conditions. We used eight age groups (0–14 and then increment by 10 until age 
85+) as controls. In Chapters 8 through 10, we surveyed hospitalization according to poverty levels. 
Instead of using poverty levels, we used four weather conditions as indicator variables.

The results show that motor vehicle crash (MVC) injuries were more likely to be associated with 
cold days (Table 12.1). When the lowest temperature hit 20°F, the odds of MVC ED visits increased 
by 24.5%. In addition, both rainy and snow days were associated with more MVC ED visits. All 
of the four weather conditions were signi�cantly associated with other traf�c-related injuries, such 
as bicycle and pedestrian. Both low-temperature and snow days reduced the odds by more than 
65%, while high temperature and rainy days increased the odds. Fall injury ED visits were more 
likely to happen on low-temperature or snow days, and less likely happen to happen on rainy days. 
Finally, the remaining three injury categories (accidental cut or pierce; injuries due to the natural 
environment, bites or struck by or against; and assault injury) had similar directional effects. Low-
temperature days or snow days had protective effects on them, while hot days and rainy days tended 
to have more of these injuries.

Weather-related ED visit surveillance can be extended in many ways. First, it can be carried out 
for any diagnoses suspected to be related to weather. We chose major injury categories because 
weather conditions are likely to be related, but such surveillance can be expanded to allergies and 
CVD, which are also deemed to be related to weather and climate. Second, since outpatient data are 
linked to inpatient data for those who were admitted to a hospital, we could track those ED patients 
to see which types of patients were more likely to be admitted for inpatient care. For instance, 
among 953,168 ED visits in the urban counties, 167,849 were eventually admitted to a hospital, with 
disproportionally more elderly and Medicare patients. Furthermore, since inpatient ED admissions 
are a subset of ED outpatient data, we could also analyze inpatient data for ED admission, because 
a hospital admission costs a lot more than an ED visit.

TABLE 12.1
Logistic Regressions for Injury ER Visits by Four Weather Variables

Type

Low 
Temperature, 

<20°F

High 
Temperature, 

>90°F Rain Snow

Motor vehicle traf�c injury 1.245* 0.936 1.060* 1.191*

Other traf�c-related injury 0.315* 1.379* 1.070* 0.327*

Fall injury 1.071* 1.018 0.944* 1.150*

Accidental cut or pierce 0.721* 1.311* 1.084* 0.947

Natural environment, bites, 
struck by

0.762* 1.260* 0.996 0.818*

Assault injury 0.868* 1.176* 1.071* 0.91

Note:	 Sample is based on counties with a population greater than 100,000 (Douglas, Sarpy, and 
Lancaster). Hospitalizations are based on Table 10.6. Only signi�cant conditions were 
included. Diagnoses are based on the �rst E-code. Weather variables are based on airport 
weather stations within these counties. Rain or snow, any rain or snow during a day.

* Signi�cant at p < 0.05.
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Take fall injuries in urban areas as an example, Black patients were much less likely to be admitted 
to the ED for fall injuries than Whites; Black and White patients accounted for 3.3% and 6.9% of Black 
and White ED admissions, respectively. Following a similar line of reasoning, we found that patients 
in neighborhoods with >20% of the population under the poverty level (group 5) had 4.75% ED admis-
sions attributable to them, as opposed to 7.15% of patients living in neighborhoods with <5% under 
the poverty level. Finally, our measures of extreme weather were crude, especially for rain and snow. 
As we re�ne weather condition indicators, we could also re�ne population segment, as people living 
with limited heating and cooling capacity are more vulnerable. As future climate change gathers more 
attention, weather and climate-related surveillance is likely to become more and more common.

A methodological limitation of using indicator variables to capture the date of events is that we 
do not know if there was an upward or downward trend after the date of events. If we used a cross-
over design to capture the trend of a few days after extreme weather, we would be able to conduct 
more rigorous analysis. However, each injury category is different, and thus a speci�c study design 
for each speci�c injury or disease in the surveillance set might be required, which would need insti-
tutional review board (IRB) approval and would be beyond the scope of surveillance and common 
public health data analysis.

12.4  CHAPTER SUMMARY AND CONCLUDING REMARKS

In this chapter, we have demonstrated two ways to use ED data. One is to evaluate population vul-
nerability by place of residence and age group. We found that place of residence has little effect, 
while the elderly had quite different seasonal variations from the younger age groups, especially 
for the H1N1 �u in 2009. Separate Ser�ing regressions showed greater excessive morbidity for the 
youngest age group than for the elderly. This type of analysis could be built into routine secondary 
data analysis based on either syndromic surveillance data or outpatient ED data, and the results can 
be used for program evaluation, such as an immunization campaign. The only critical issue is to 
digitally import ED data into a surveillance system.

Ser�ing regression models tend to capture seasonal trends, and they can be used for any diseases 
that have some cyclical incidence. However, a Ser�ing curve does not explain the observed pattern. 
In order to develop explanatory models, future studies should examine population vulnerability by 
race, SES, and locational factors. It is also possible to divide ILI into major in�uenza-related condi-
tions (pneumonia, emphysema, asthma, other chronic obstructive pulmonary disease, and conges-
tive heart failure) and upper respiratory infections (URIs) (common cold, simple in�uenza, sinusitis, 
tonsillitis, laryngitis, tracheitis, croup, epiglottitis, otitis media, and acute bronchitis) for planning 
ED resource allocations (Schull et al., 2005).

In the second part of the chapter, we experimented with a set of weather-related explanatory 
variables for chronic disease surveillance, which does not have to be in real time. We found that 
extreme weather conditions relate to a half-dozen injury categories. Obviously, both the weather 
conditions and injury categories used in the analysis need to be re�ned. Nevertheless, some reason-
able explanations can be derived. For example, fall injuries were more likely to happen on cold or 
snowy days. These results were expected, and quantifying them would help to design fall preven-
tion. In our integrated data system, we could trace fall patients through ED and inpatient admission 
by SES and racial characteristics. Linking data through a health care system certainly can provide 
more insights than otherwise separate data analyses within each system. Such an analytical model 
would be quite different from the traditional syndromic surveillance models commonly seen in 
infectious disease surveillance.

Given that climate change will increase the intensity and frequency of extreme weather, there is 
a need to develop weather–health indicators that can be used to track climate-induced health risks. 
Our experiment is just a beginning; future work needs long-term health outcome data and carefully 
designed weather–health relationships. The results would then be more meaningful to educate the 
general public about the effects of climate change on human health.
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APPENDIX 12A: ORIGINAL LIST OF ILI SYNDROME IN ESSENCE

ICD-9 Code Description
079.89 Viral infection NEC

079.99 Viral infection NOS

460 Nasopharyngitis, acute

462 Pharyngitis, acute

46400 Laryngitis, acute, without obstruction

464.10 Tracheitis, acute, without obstruction

464.20 Laryngotracheitis, acute, without obstruction

4650 Laryngopharyngitis, acute

465.8 Infectious upper respiratory, multiple sites, acute NEC

465.9 Infectious upper respiratory, multiple sites, acute NOS

4660 Bronchitis, acute

466.11 Bronchiolitis due to respiratory syncytial virus

466.19 Bronchiolitis, acute, due to other infectious organisms

478.9 Disease, upper respiratory NEC or NOS

4800 Pneumonia due to adenovirus

480.1 Pneumonia due to respiratory syncytial virus

480.2 Pneumonia due to parain�uenza

480.8 Pneumonia due to virus NEC

480.9 Viral pneumonia, unspeci�ed

484.8 Pneumonia in other infectious disease NEC

485 Bronchopneumonia, organism NOS

486 Pneumonia, organism NOS

487 In�uenza with pneumonia

487.1 In�uenza with respiratory manifestation NEC

487.8 In�uenza with manifestation NEC

490 Bronchitis NOS

780.6 Fever

784.1 Pain, throat

786.2 Cough
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13 Linking Cancer Registry Data 
to Hospital Discharge Data

13.1  INTRODUCTION

State cancer registries are available for all 50 U.S. states and the District of Columbia. Incidence 
and mortality information from state cancer registries has been routinely used for cancer sur-
veillance. The Centers for Disease Control and Prevention (CDC) National Program of Cancer 
Registries (NPCR) regularly publishes federal statistics on cancer incidence in the United States 
Cancer Statistics report, using combined state registry data. While previous studies using cancer 
registry data have made signi�cant contributions to cancer incidence and staging surveillance 
(Koh et al., 2005; Niu et al., 2010), treatment information in cancer registries has rarely been used 
to inform the public and policy makers about treatment disparity and treatment effectiveness. As 
the national priority has moved from disease surveillance to eliminating disparities in cancer care 
(Reuben et al., 2011), demands for cancer care surveillance have increased. In 2000, the Institute 
of Medicine recommended that investigators use existing data systems, such as the NPCR, to 
measure variations in the use of appropriate standards of cancer care and to assess care outcomes 
(Hewitt and Simone, 2000). At the bedside, physicians use cancer sites, cancer stages, tumor sizes, 
and patient comorbidity pro�les to decide which standard of care to follow. Standard cancer care 
is best practice accepted by medical experts as a proper treatment for a certain type of cancer. 
Major treatments include surgery, chemotherapy (CT), and radiation therapy (RT), and most of 
them are available in hospital records. Since each physician only accesses his or her patient pro�le 
and treatment information, a cancer registry is a natural home for comparing treatment outcomes 
at the population level.

However, cancer registry data do not usually have complete treatment information, making 
it dif�cult to investigate cancer care disparities using only registry data. To overcome regis-
try data limitations, previous studies have used three approaches to examine cancer treatment 
disparities. One approach uses hospital data to examine treatment disparities (Hershman et al., 
2005; Koscuiszka et al., 2011), but samples from selected hospitals tend to be small, and the 
results are not generalizable. The second approach uses an enlarged sample, linking Surveillance, 
Epidemiology, and End Results (SEER) and Medicare datasets. Studies using SEER–Medicare 
linked datasets are able to identify detailed CT and RT treatment among those aged 65 years or 
older (Brooks et al., 2000; Warren et al., 2002; Du et al., 2008; White et al., 2010; Gross et al., 
2008), but those not eligible for Medicare are not included. The third approach uses surveys to 
supplement cancer registry information (Polednak, 2004). However, this method is costly, which 
makes it economically unfeasible for surveillance purposes that require updated CT or RT infor-
mation for all cancer sites. In addition, survey data may be less complete than registry data, as 
many physicians would not respond to a survey.

Previous studies have linked a statewide cancer registry with hospital discharge data (HDD) for 
cancer case ascertainment (Penberthy et al., 2003) and for uncovering hard-to-�nd racial categories 
(Johnson et al., 2009; Jim et al., 2008). Polednak (2001) linked Connecticut (a SEER state) cancer 
registry data to HDD, and he expanded the linkage population to all ages. However, his purpose 
was to examine postmastectomy breast reconstructive surgery in the discharge data, rather than 
updating cancer treatment in the cancer registry. To our knowledge, a data linkage strategy has not 
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been used to identify cancer treatment information, particularly outpatient treatment. Although the 
SEER database has been linked to Medicare claims data for gaining treatment and treatment cost 
information, there is a need to study treatment patterns for non-SEER states and non-Medicare 
patients.

In this study, we conducted cancer treatment surveillance by linking the Nebraska Cancer 
Registry (NCR) with Nebraska HDD. The intent was to develop a protocol for linking cancer reg-
istry data and HDD and assess its feasibility and utility. In Nebraska, more than 90% of RT is 
hospital based, and an overwhelming majority of CT is administered in outpatient settings. Similar 
to linked SEER–Medicare data, linked NCR–Nebraska HDD data will result in a population-based 
data source that will include both Medicare and non-Medicare patients. In addition, the linked 
dataset will be able to provide information on non-cancer-related diagnoses, treatments, and costs 
of care, and can therefore be used for treatment surveillance, clinical epidemiology, and health 
services research. We use the Charlson Comorbidity Index to demonstrate the potential application 
of this linked dataset.

13.2  METHOD

13.2.1 NC R DATA

Since 1995, the NCR has continuously received the North American Association of Central Cancer 
Registries’ gold standard awards for quality, completeness, and timeliness. The NCR includes data 
on cancer patients who reside in Nebraska or who are diagnosed or treated for cancer in Nebraska, 
or both; patient-identi�able information, such as patient ID, name, social security number, and street 
address; and standard data items, such as patient demographics, tumor site, �rst-course treatment, 
and treatment facility ID. Although the majority of cancer cases are registered shortly after diag-
nosis, case �nding is an ongoing process, and it takes up to 2 years after diagnosis to get all cancer 
cases into the system. For this reason, we selected data from 2005 to 2009, which assured complete 
case ascertainment.

13.2.2 N EBrASKA HDD

Nebraska HDD are maintained by the Nebraska Hospital Association (NHA) and are based on 
the standard UB-04 form. For the 2005–2009 study period, we had more than 13 million hospital 
records. Nebraska HDD include patient-identi�able information, disposition information, demo-
graphic variables, diagnostic codes, and procedure codes for all inpatient and outpatient visits 
to Nebraska’s 87 nonmilitary hospitals. The identi�able information in the Nebraska HDD �le 
includes patient ID, patient name, address, and hospital ID. Hospital visits include outpatient visits 
for such things as CT, RT, emergency room care, and rehabilitation care. Current procedural ter-
minology (CPT) codes used for insurance billing purposes can be retrieved to identify different 
treatment categories. For the purpose of augmenting outpatient treatment information, we requested 
CPT codes that directly indicated RT or CT. For CT procedures, the CPT codes include 96400–
96549, C8953–C9415, and G0355/G0359; for RT procedures, the CPT codes include 70010–79999 
(Abraham et al., 2010).

Inpatient procedures with an International Classi�cation of Diseases, Ninth Revision (ICD-9) 
code indicating cancer treatment were requested, but speci�c RT or CT codes for billing were not 
requested due to bundled diagnosis-related group (DRG) codes that cannot uniquely differentiate 
CT and RT. For this reason, we only searched the ICD-9 procedure codes up to the sixth procedure, 
and coded CT and RT procedures as much as we could. Speci�cally, we used ICD-9 procedure 
codes in 99.25, 17.70, 94.25, 94.22, and 99.28 to capture CT-related procedures, and we used the 
codes from 99.21 to 99.29 to capture RT-related procedures (CDC, 2012).
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13.2.3 L INKAGE STrATEGY

We considered deterministic and probabilistic linkage methods and chose the probabilistic method 
due to lack of a unique identi�er (e.g., social security number) between the two datasets. We 
designed the linkage process according to Newcombe’s four steps (Newcombe, 1988)—(1) data 
preparation, (2) matching and merging, (3) manual review, and (4) veri�cation—and used Link Plus 
2.0 for data linkage (CDC, 2006). In addition, all these steps were conducted on site at the Nebraska 
Hospital Association. The resultant �le for the analysis had no name, address, or zip code identi-
�ers. The University of Nebraska Medical Center Institutional Review Board (IRB) approved this 
study design with the exempt status.

13.2.3.1  Data Preparation
Data preparation included checking data quality, deduplication, and parsing, and standardization of 
the linkage variables common in both datasets. The process started with the NCR data for January 
1, 2005 to December 31, 2009, with 54,990 records (Figure 13.1, top circle), which included both 
in-state and out-of-state patients. The deduplication process was based on all linkage variables: 
�rst name, last name, date of birth, sex, resident county, resident zip code, and primary cancer site. 
Less than 0.1% of registry cases had missing linkage variables. This step resulted in 52,027 unique 
patients (Figure 13.1, diamond box).

Since the 5-year Nebraska HDD �le was extremely large, we divided it into cancer-related and 
non-cancer-related datasets to increase computational ef�ciency (Figure 13.1, left circle). For each 
record, we searched ICD-9-CM diagnostic codes for up to the 10th diagnostic (Penberthy et al., 
2003). If any of them were in the range of 140–208 or equaled 2386, we classi�ed them as cancer 
related (CDC, 2012).

13.2.3.2  Matching
The cancer-related and non-cancer-related datasets were the basis for partitioning the Nebraska 
HDD �le into mutually exclusive blocks and comparing only records within each block during the 
linkage process. When a linkage is complete, Link Plus calculates a score (total linkage weight) 
for all comparisons of a case in the NCR �le with a case in the Nebraska HDD �le, and generates 
a default cutoff weight above which values are considered potential matches (CDC, 2006; Blakely 
and Salmond, 2002).

Original
NCR records:

54,990

Original
NHDD records:

13,041,445

Cancer
related:
760,672

Noncancer
related:

12,290,773

45,976 linked
NCR records

7,325 linked
NCR records

52,057
patients

Linking

Linking

Linked 53,301 NCR records to
1,102,826 NHDD records

Deduplication

FIGURE 13.1  Flowchart for linking NCR and Nebraska HDD records.
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13.2.3.3  Manual Review
All potential matched pairs above the cutoff weight were reviewed manually after each linkage run. 
We also considered a pair as a true match if there was a minor discrepancy, such as an obvious typo 
in the matching variables; transposed �rst and last names; either the �rst name, the last name, or the 
middle initial matched with another unmatched name; variants of a �rst name that the Soundex did 
not catch; a hyphenated �rst name or last name; transposed birth month and day; and closeness of 
the date of cancer diagnosis and the date of hospital admission. After manual review, we had 53,301 
NCR records that corresponded to 1,102,826 Nebraska HDD records (Figure 13.1, leftmost box).

13.2.3.4  Validation
To valid the potential match of 54,990 records, we randomly selected 400 linkage pairs for an inde-
pendent manual review, because a random sample of 381 records would be suf�cient at the 95% 
con�dence level.

13.2.4 T rEATMENT AUGMENTATIoN STrATEGY

We focus on RT treatment updates for colorectal cancer (CRC) and breast cancer. We chose all 
CRC records as a general case study because substantial rural and urban variation was reported 
(Kinney et al., 2006). We selected American Joint Committee on Cancer (AJCC) stage II and III 
breast cancer patients as a speci�c case study, because the National Comprehensive Cancer Network 
recommends adjuvant RT for all those patients (National Comprehensive Cancer Network, 2011).

In order to update RT for a cancer patient, it is necessary to meet two conditions: (1) the RT is 
for the diagnosed cancer site, and (2) the linked hospital stays or visits are after the site-speci�c 
diagnostic date. For condition 1, we selected patients with the primary site being either breast cancer 
or CRC only. For condition 2, we used date of diagnosis to exclude all outpatient visits prior to the 
diagnosis date. Although there were no missing service dates from the Nebraska HDD �le, about 
2.5% of the diagnostic months and days were missing from the NCR �le. To preserve usable records 
with missing months or dates, we designed an algorithm to hierarchically delete missing records. 
When diagnosis and treatment years were the same, records with missing months were deleted, 
when diagnosis and treatment months and years were the same, records with missing dates were 
deleted.

13.3  RESULTS

13.3.1 L INKAGE QUALITY

Of the 54,990 NCR records, 53,301 were linked to Nebraska HDD records, with a crude linkage rate 
of 97%. The linkage rate varied by reporting sources (Table 13.1). The highest linkage rate, 99%, 
was from the NHA reporting hospitals. Because the quality of both datasets was high and because 

TABLE 13.1
Linkage Assessment by Reporting Facility: 2005–2009

Reporting Facility Linked Unlinked PPV (%) 95% CI

NHA hospitals 30,032 338 99 99, 99

Non-NHA hospitals 19,021 914 95 95, 95

Labs, physicians’ of�ces, etc. 3,624 316 92 91, 93

Autopsy and death records only 624 121 83 81, 86

PPV, positive predictive value; CI, con�dence interval.
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we adhered to the protocol, the linkage rate was 97% overall. Only NCR records from autopsy or 
death certi�cates had a low linkage rate (83%), which was expected, as some individuals who died 
had not gone to a hospital. Manual reviews were conducted by three judges, with 12 variables for 
400 randomly selected pairs. The most false positives were 3, followed by 1 and 0, resulting in an 
average false positive rate of 0.3%. These reviews, as well as the results presented in Table 13.1, sug-
gested that the linkage yielded very high-quality data.

13.3.2 P oTENTIAL To AID CASE FINDING

Although the main purpose of this study was to improve treatment information, it is always impor-
tant for the NCR to augment potential missing cases. In the Nebraska HDD cancer-related dataset 
(i.e., with a cancer-related ICD-9 code), we found 19,907 person-speci�c records with the primary 
diagnosis of cancer that were not in the NCR. We put these records in the potential NCR can-
cer case �le (PNCCF). Since person-speci�c records included multiple visits, primarily for out-
patient care, we selected a unique record for each person in the PNCCF, and this process yielded 
4270 unique patient-based records. We also deleted suspected out-of-state patients who might have 
sought continued outpatient care in Nebraska while traveling. We selected all out-of-state outpa-
tients and deleted those with only one RT or CT visit, which resulted in 3593 not captured by the 
NCR 2005–2009 incidence �le.

However, some of the 3593 NHA records could be patients prior to 2005 from the NCR �le that 
were not included in the linkage process above. We quickly linked these records with the NCR �le 
from 1990 to 2005 by the deterministic data linkage method, using �rst name, last name, sex, and birth 
date. This process yielded 934 patients from the early NCR �le who continued their cancer-related RT 
after 2005. By removing these records, we had 2659 records to be further assessed for case �nding.

13.3.3 P oTENTIAL To IMProVE RADIATIoN TrEATMENT INforMATIoN IN ThE NCR

As mentioned earlier, we used RT for CRC as a general case study that included all linked CRC 
patients. Based on the method that placed a set of RT visits after the corresponding CRC diagnostic 
date, we had 2150 CRC patients in the linked NCR–Nebraska HDD �le. Of those, 750 records in the 
NCR �le showed RT as the �rst course of treatment, and 90 records were identi�ed from outpatient 
CPT codes indicating receipt of RT after cancer diagnosis. These �ndings represented an improve-
ment of 12.5% over the information captured by the NCR �le. To assess rural–urban difference in 
CRC treatment, we divided the 90 newly found cases into metropolitan and nonmetropolitan coun-
ties. Although 60% of Nebraskans live in metropolitan counties, 60% of the augmented RT patients 
were from nonmetropolitan areas. This preliminary result suggested that missing treatment records 
in the NCR were more likely to be for rural patients than for urban patients. Although 12.5% of 
additional records may not seem like a large number, those records raised the overall RT treatment 
rate in Nebraska from 34.9% to 39.1%.

13.3.4 P oTENTIAL To IMProVE RADIATIoN TrEATMENT INforMATIoN for PUBLIC HEALTh

In our analysis of CRC treatment, we did not know how many cancer patients would need RT, and 
therefore we could not assess whether the 12.5% additional RT records were adequate for updat-
ing CRC RT records. To investigate further, a total of 6887 AJCC stages II and III breast cancer 
patients, who were expected to have RT, were identi�ed (Table 13.2). Of the total, 2454 had RT 
con�rmed by both the NCR and the Nebraska HDD. Of the total, 1738 patients were reported to 
have received RT by the NCR, but records for these patients were not found in the outpatient CPT 
codes. Of the 2650 patients not reported to have received RT by the NCR, 620 (23.13%) were found 
in the Nebraska HDD �le. These 620 records represent a 14.8% improvement over the 4129 records 
initially shown to have received RT. A total of 69.9% of patients had veri�able RT.
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One potential application of using the updated RT information is to investigate treatment dis-
parity. Table 13.3 compares RT derived from NCR and NCR + Nebraska HDD by poverty level. 
Here, the poverty levels are in �ve categories (pvt1, <5%; pvt2, 5%–10%; pvt3, 10%–15%; pvt4, 
15%–20%; pvt5, >20). If we use NCR numbers, the socioeconomic status (SES) gradient along the 
poverty levels is not as apparent as using the Nebraska HDD updated RT information. The former 
has a hump in the poverty 2 category, and then declines, while the latter has a linear decline from 
52.12% to 44.74%. This shows that the poorer the neighborhood, the less chance of receiving RT, 
while not accounting for any other breast cancer patient variables.

13.3.5 P oTENTIAL USE of CoMorBIDITY INforMATIoN

Even though the standard cancer registry data items include comorbidities, they are rarely collected 
or compiled. If one wants to study survival or treatment disparities, comorbidities should be con-
trolled. For surveillance purposes, we calculated Charlson comorbidity scores by major cancer sites. 
The calculation of the Charlson Index includes the diagnosis of 17 comorbidities for both inpatient 
and outpatient care: myocardial infarction, heart failure, peripheral vascular disease, cerebrovas-
cular disease, dementia, chronic pulmonary disease, connective tissue disease—rheumatic disease, 
peptic ulcer disease, mild liver disease, diabetes without complications, diabetes with complica-
tions, paraplegia and hemiplegia, renal disease, cancer, moderate or severe liver disease, metastatic 
carcinoma, and HIV/AIDS. The algorithm works as follows:

 1.	Use cancer diagnosis date to set the cutoff date for calculating the index to make sure that 
the index is based on comorbidities prior to cancer diagnosis.

	 2.	Count the number of distinct comorbidities for each patient by searching up to 10 diagnosis 
codes from inpatient visits until the diagnosis date.

	 3.	Count the number of distinct comorbidities for each patient by searching up to 10 diagnosis 
codes from outpatient visits until the diagnosis date.

TABLE 13.2
Radiology Treatment Reported by NCR and Nebraska 
HDD

 From Nebraska HDD Outpatient Records

From NCR Yes Row % No Row % Total

Yes 2454 (58.54) 1738 (41.46) 4192

No 620 (23.13) 2075 (77.62) 2695

Total 3074 (44.53) 3813 (44.34) 6887

TABLE 13.3
RT (%) by Poverty: NCR vs. Nebraska HDD

Pvt1 Pvt2 Pvt3 Pvt4 Pvt5

Directly from NCR 45.31 46.46 43.02 41.06 37.28

Nebraska HDD updated 52.12 51.85 48.42 47.02 44.74

Total N 1558 2484 1799 789 912

Note:	 Pvt1, <5%; pvt2, 5%–10%; pvt3, 10%–15%; pvt4, 15%–20%; pvt5, >20%.
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	 4.	Retain the record with the maximum number of comorbidities from either in- or outpatient 
data. If the inpatient and outpatient comorbidities are equal, use those from the inpatient.

	 5.	Calculate the score for each selected cancer site, and summarize all.

Table 13.4 lists the results for up to four comorbidities. This simply shows the potential from 
the Charlson Index; it does not represent the actual number of comorbidities. Even though we 
found that each cancer patient would have 1.2 inpatient visits and 19 outpatient visits, many of 
them were after the cancer diagnosis, and therefore had to be ignored. This is due to our data 
request restriction. We paired 2005–2009 cancer incidence data to 2005–2009 hospital data. If 
we had included 2004 or earlier HDD, the percent listed under the column heading “0” would be 
much smaller.

The application of the Charlson Index can be based on either the total number of comorbidities 
or discrete categories. In Figure 13.2, we use the latter to show the importance of controlling for 
comorbidities when investigating colon cancer survivals. The top line has 1 or 0 comorbidities, and 
it has the gentlest survival curve. On the other hand, the bottom curve is associated with four or 
more comorbidities, and has a relatively steepest survival curve.

TABLE 13.4
Charlson Comorbidity Scores by Cancer Sites: 2005–2009

Cancer Sites 0 1 2 3 4 Total

Oral cavity and pharynx 36.24 39.78 17.04 5.47 1.46 1297

Esophagus 21.49 41.17 25.87 9.47 2 549

Stomach 22.81 45.44 21.58 8.25 1.93 570

Colon and rectum 27.54 39.43 22.5 8.1 2.43 5876

Liver and intrahepatic duct 15.6 30.83 35.6 15.05 2.94 545

Pancreas 16.77 41.37 28.39 11.69 1.77 1240

Larynx 27.06 40.83 22.94 7.8 1.38 436

Lung and bronchus 13.17 35.59 33.04 14.14 4.06 6356

Skin melanoma 60.45 25.93 9.4 3.21 1.01 2584

Breast 51.06 34.26 10.52 3.4 0.76 8319

Cervix uteri 56.25 29.83 12.22 1.42 0.28 352

Corpus uteri 49.22 33.76 12.46 3.54 1.02 1469

Ovary 30.03 45.41 19.23 4.59 0.74 676

Prostate 51.98 30.51 11.52 4.48 1.5 7049

Testis 64.16 33.45 2.05 0.34 0 293

Urinary bladder 34.67 32.69 20.68 9.23 2.72 2166

Brain and other central 
nervous system (CNS)

52.63 29.49 12.39 4.27 1.22 1638

Thyroid gland 56.74 32.61 8.07 2.18 0.4 1239

Hodgkin’s disease 66.06 23.76 7.83 2.09 0.26 383

Non-Hodgkin’s lymphoma 50.22 29.66 14.09 4.67 1.36 2505

Multiple myeloma 39.05 35.29 17.48 6.21 1.96 612

Leukemia 45.75 31.93 15.27 5.39 1.66 1447

Kidney and renal pelvis 34.87 33.79 19.18 9.7 2.45 1752

Other sites 31.97 36.7 20.71 7.8 2.82 4510

Total 39.27 34.29 17.78 6.75 1.91 53863

Note: The cores were calculated from hospital in- and outpatient visits.
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13.4  CHAPTER SUMMARY

In this study, we linked NCR and Nebraska HDD data for 2005–2009. Our linkage was population 
based and included all age groups and all types of cancer. We used Link Plus 2.0 and followed an 
established procedure of data preparation, matching, manual review, and independent validation. 
Because the quality of both datasets was high and because we adhered to the protocol, the linkage 
rate was 97% overall. Only NCR records from autopsy or death certi�cates had a low linkage rate 
(83%), which was expected, as some individuals who died had not gone to a hospital.

Linking HDD with registry data has emerged as a major source of gaining diagnosis and treat-
ment procedure information (Van Walraven et al., 2011; Chantry et al., 2011). This study piloted 
three applications: population-based case �nding, cancer site-speci�c treatment information 
enhancement, and site- and stage-speci�c treatment information enhancement. Our experience sug-
gests that population-based case �nding via a potential false negative (i.e., those records with a 
cancer diagnosis in the Nebraska HDD �le but not in the NCR) will require further study regarding 
a new de�nition of cancer cases. We identi�ed 2659 Nebraska patients in the Nebraska HDD who 
had some indication of cancer treatment but who were not in the NCR �le. They represented about 
5% of the total cases from 2005 to 2009. One area that needs further clari�cation is outpatient care 
of out-of-state patients. If these patients’ primary diagnosis and treatment took place outside the 
state of Nebraska, and their postsurgery CT or RT outpatient care took place in Nebraska, hospital 
staff may be less diligent about reporting their care in the NCR than they are about reporting the 
care of Nebraska citizens.

Our effort to identify additional RT cases for CRC and breast cancer patients resulted in modest 
12.5% and 15% improvements. Since all breast cancer stage II and III patients were expected to 
have RT, we focused on their assessment. After the update, the RT rate increased from 61% to 70%, 
which still left about 30% of the records unveri�ed for RT. Although the increase in treatment rate 
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seems modest, it is consistent with a previous study that compared the cancer registry with a chart 
review for the patients of Paci�Care of California and showed that the RT rate increased from 30.6 
to 41.1 (Malin et al., 2002). In addition, even though the 70% RT rate seems low, it was just about 
8% below a chart review–based study from the AVON Center for Breast Care in Atlanta, where all 
breast patients were under age 72 and had breast-conserving surgery (Iyengar et al., 2010). Since our 
study had no age and surgery restrictions, the lower percentage was expected. Finally, the period in 
the current study covers the adoption of hospital-based quality indicator standards for stages I–III 
breast cancer, which was endorsed by the National Quality Forum (NQF) in 2007. As shown in 
a recent study, prior to the 2005–2006 period, the RT rate was not very high (76%), and the rate 
increased to 96% after 2007 (Rizzo et al., 2011).

There are several additional reasons for missing RT data in this linkage project. First, in order to 
ensure that outpatient RT care was cancer speci�c, we placed outpatient service dates for RT after 
cancer diagnosis. However, some dates are missing in the NCR, and we might have missed a small 
number of cancer treatments due to date discrepancies. Second, some RT may have been coded with 
other outpatient procedures that we were unable to straightforwardly select. Third, we assumed that 
hospital-based RT treatment was captured primarily by the NCR or from the inpatient data �le, as it 
is primarily a hospital-based registry. However, some �rst-course RT might have been missed by the 
NCR, and the bundled DRG codes from the Nebraska HDD cannot uniquely identify RT. Although 
it is possible to uncover speci�c procedure codes, for both inpatient and outpatient care, doing so 
requires different protocols to govern the data request. Since our linkage protocol was designed 
to capture primarily outpatient cancer care, future studies should design a protocol that includes 
both inpatient and outpatient cancer treatment codes. In addition, some patients who had surgery in 
Nebraska hospitals may have received CT and RT out of state, which would not have been captured 
within the Nebraska HDD. Finally, we did not have a validation sample, and therefore were unable 
to tell whether the Nebraska HDD linked �le captured all RT cases. We selected all stage II and 
III breast cancer patients, and all of them were supposed to have had RT. However, some patients 
may not have followed the prescribed treatment. Although we expected that more than 70% of these 
patients would have received RT, expecting a 100% RT rate might be unrealistic.

The limitations described above provide avenues for future studies. First, our study provided an 
empirical basis for further improvement of linkage protocols that may broaden the inclusion of CPT 
and other bundled procedure codes. Second, multiple and repeated procedures reinforced the need 
for improvement in diagnosis month and date completeness in the NCR. As information networks 
are connected throughout the state, it will be possible to develop a real-time treatment update infor-
mation system, so that missed information can be checked in real time or close to real time.

In addition to the above cancer registry–speci�c data quality enhancement, the linked NCR–
Nebraska HDD database provides access to additional information about comorbidity and service 
charges. For example, we can use primary to tertiary diagnosis codes to develop comorbidity indi-
ces. Since non-cancer-related hospital visits are also linked, postsurgery health service needs can be 
examined. Moreover, linked cancer treatment and other information will likely become a valuable 
asset for public health practitioners and researchers (Xia et al., 2010). Examples of possible uses of 
such linked data include surveillance of treatment disparity, health outcome comparison of different 
treatment regimens, and population-based health policy development.
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14 Mother Index and 
Its Applications

14.1  BIRTH CERTIFICATE DATA LINKAGE: A BRIEF REVIEW

Data linkage based on birth certi�cate data is commonly used for interprogram collaborations 
among various public health programs at the state level. Birth records were routinely linked to 
death records to study perinatal, neonatal, and infant mortality. The Centers for Disease Control 
and Prevention (CDC)-funded Pregnancy Risk Assessment Monitoring System (PRAMS) is based 
on state surveys of women who had a live birth, in which birth certi�cate information is linked to 
mothers’ attitudes and experiences before, during, and shortly after pregnancy. Medicaid claims are 
often linked to birth certi�cates to monitor birth outcomes for Medicaid program participants in 
comparison to nonparticipants. Birth defects in a typical state birth defect registry are linked not 
only to birth records, but also to birthing mothers. In addition, birth certi�cate data are often used 
in infant hearing screening; the Special Supplemental Nutrition Program for Women, Infants, and 
Children (WIC); social welfare; and foster care programs. In this chapter, we �rst review major 
birth record linkage application areas, and then present Nebraska’s experience of building a birth 
index �le. In this section, we review major birth record linkage projects.

14.1.1 LBW  PArADoX

Birth weight is a strong predictor of infant mortality. Birth weight became a standard item on the 
national birth certi�cate system in 1950, and it is one of the most commonly used health indica-
tors. For most states, some forms of birth certi�cate data can be obtained from 1950 onward, but 
the use of linked birth and death records at the national level started 30 years later. Allen Wilcox 
(2001) synthesized his previous works with his collogues, in which a normalized z-score was used 
to show that birth weight among different segments of the population followed almost identical nor-
mal curves with a left tail. In particular, their comparisons were infants at high altitude versus low 
altitude, Blacks versus Whites, and infants exposed versus unexposed to their mothers’ smoking. In 
all examples, the reference groups, or the ones with a lower risk, had higher infant mortality. This is 
the so-called low-birth-weight (LBW) paradox, in that population groups with a higher proportion 
of LBW babies often have higher infant mortality, yet LBW babies in high-risk populations tended 
to have lower mortality than LBW babies in the comparison groups (Adams et al., 1997). Wilcox 
(2001, p. 1039) concluded that “the mortality difference must be due either to a difference in small 
preterm births or to differences in weight-speci�c mortality that are independent of birthweight.” 
Wilcox focused on the importance of preterm delivery in infant mortality, and implied a universal 
and biological process where interventions can tweak but not change the shape of birth weight 
curves (David, 2001; Hertz-Picciotto, 2001).

Even though some of Wilcox’s conclusions are debatable, the derivation of normalized birth 
weight curves for different populations and the emphasis of the left tails of these curves generated 
many further inquiries that require sophisticated record linkage. For example, the work on the 
outcomes of second births by Skjaerven et al. (1988) required indexing mothers to identify mothers 
of multiple births. Traditional studies of birth outcomes are based on the individual pregnancies. 
Based on rich data from Norway from 1967 to 1984, Skjaerven et al. were among the �rst to exam-
ine infant mortality by conditioning on �rst births. They found that although birth weight and 
perinatal mortality had a strong and positive association, this association is negatively correlated 
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with the birth weight of �rst births, suggesting that it was relative birth weight to the �rst births, 
rather than absolute birth weight, that predicted perinatal mortality. Using the long period of the 
same dataset, Skjærven et al. linked mother’s birth weight to the survival of her infants. It was found 
that there is a positive and strong correlation between mother and baby birth weights. In particular, 
when a mother’s birth weight was below a threshold of 2000 grams, the maternal birth weight was 
associated with the perinatal survival.

14.1.2 I NTErGENErATIoNAL DATA FILES

In the United States, there has been a number of intergenerational data linkage projects based on 
birth certi�cate data. The earliest one was for mothers born in Tennessee in 1959–1966 and their 
children in 1979–1984 (Klebanoff and Yip, 1987). The study showed a strong association between 
maternal and infants’ birth weights. About 10 years later, the Illinois transgenerational birth �le 
(TGBF) was constructed by Richard David’s group (David et al., 2010), who linked infants’ birth 
certi�cates in 1989–1991 to mothers’ birth certi�cates from 1956 to 1976 in Illinois. In addition, 
paternal birth certi�cates were also linked to obtain parental birth weights. Later on, both parental 
and infant �les were geocoded at the census tract and other community levels. An early study by 
Coutinho et al. (1997) using the dataset showed a stronger correlation between infant and maternal 
birth weights than between infant and paternal birth weights. The lowest-birth-weight mothers, 
however, did not necessarily have smallest infants. The TGBF has generated more than a score of 
journal articles, mainly led by Collins and David. About the same time the TGBF was constructed, 
Emanuel and his research team (1999) constructed an international �le from birth and hospital dis-
charge data in Washington State. The �le was based on obstetric and neonatal admissions between 
1987 and 1995, which were linked to the birth certi�cates of mothers. These data were also linked 
to vital records for mortality information. Besides con�rming �ndings from Klebanoff and Yip 
(1987) and Coutinho et al. (1997), most of its applications were related to clinically speci�c condi-
tions, such as maternal weight versus cesarean delivery, the risk of gestational diabetes mellitus, 
and respiratory distress (Li et al., 2003; Shy et al., 2000; Strandjord et al., 2000; Williams et al., 
1999).

More recently, the Maternal and Child Health Bureau of the Health Resources and Services 
Administration funded a number of projects to promote a life-course health development perspec-
tive. Chapman and Gray (2014) reported the process of building a maternally linked birth dataset 
for life-course studies with the state health department. They called it the Virginia Intergenerational 
Birth File, which was based on the 2005–2009 birth cohort with 170,624 births to 136,021 moth-
ers aged 11–48 years within the state. The study also demonstrated the utility of the linked �le by 
showing a strong correlation between maternal LBW and infant LBW, and the overall improvement 
of birth weight over the generation.

The Georgia longitudinal linked �le had the largest birth cohort from 1994 to 2007, or 14 years 
of birth records, which is essentially a birth record �le indexed by mothers. In addition, the proj-
ect team developed a neighborhood deprivation index to examine neighborhood exposure during 
multiple pregnancies (Kramer et al., 2014). It was found that mothers with multiple deliveries had 
upward socioeconomic mobility as they got older. Black women with (1) a history of preterm birth 
(PTB) and (2) a high cumulative neighborhood deprivation index had double doses of risk for pre-
term and LBW. Coincidentally, there was a similar longitudinal �le built for a Georgian birth cohort 
of 1980–1992, which did not include the geocoding component (Adams et al., 1997). However, it is 
not known if this �le could be combined with the later �le to form a 1980–2007 birth cohort. In any 
case, the most recent longitudinal dataset from Georgia has generated some novel research stud-
ies, such as linking mothers’ behavior risk factors and infant birth weight and PTB status to school 
performance (Feng et al., 2013; Williams et al., 2013). The dataset was also used to follow a cohort 
of women as they moved from housing projects to seek causal inference of housing transition with 
birth outcomes (Kramer et al., 2012).
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14.1.3 B IrTh RECorD LINKAGE To MEDICAID CLAIMS DATA

Linking birth records with Medicaid claims and other social services has been ongoing since at 
least 1970 for program eligibility and other mandatory requirements. Linking Medicaid claims 
data to birth records for health outcome assessments is fairly recent. Early works on Medicaid–
birth record linkage were mostly methodologically oriented (Gyllstrom et al., 2002). Piper et al. 
(1990) evaluated a linked birth–Medicaid enrollment �le that was also linked to fetal death and 
death certi�cate �les. The authors cautioned the users about representation issues, stating that fully 
linked �les tended to underestimate important outcomes, such as fetal, perinatal, and neonatal mor-
tality rates. Other studies also reported similar underestimation and inconsistency issues (Grisso 
et al., 1997; Buescher, 1999). A later study echoed some of the concerns raised, but it also pointed 
out that underestimation biases could mostly be avoided by teasing out different data selection 
processes during data linkage (see also Bronstein et al., 2009). Qayad and Zhang (2009), while 
evaluating linkage quality, reported that 48.4% of newborns had Medicaid-paid delivery claims. 
This number is quite astonishing, and it would not be surprising if some states had more than 50% 
of Medicaid-paid deliveries. Given the overwhelming numbers of newborns covered by Medicaid, 
CDC and Centers for Medicare and Medicaid Services (CMS) have joined forces to monitor health 
outcomes among participants and nonparticipants. A website was also created for linkage train-
ing (http://academyhealth.org/datalinkageproject). Several states reported in their training materials 
that Medicaid-paid deliveries tended to be preterm and LBW.

14.1.4  OThEr DATA LINKAGES BASED oN BIrTh CErTIfICATE DATA

Birth certi�cate data have been linked to many other data. A notable set of data is birth defects. 
Most states have a birth defect registry. Although birth defects have the longest history of link-
ing to birth and death records, the linkage part is trivial. Most birth defect registries use the birth 
certi�cate number as the ID, and most infant deaths are reviewed and linked back to birth records. 
A study in Michigan reported that 33.7% of infant deaths could be found in the state birth defect 
registry (Copeland and Kirby, 2007). Such a proportion is widely reported in birth defect surveil-
lance. Variable reporting is an important issue in birth defect registries, as most states do not have 
an active registry, relying instead on voluntary reporting by birthing hospitals and attending physi-
cians. A study in New York State showed that the misleading spatial clusters could be attributed to 
late reporting or nonreporting by some hospitals (Forand et al., 2002).

Birth certi�cate data are also comprehensively linked to other datasets. The Massachusetts’s 
Pregnancy to Early Life Longitudinal (PELL) system is a statewide longitudinal database partnered 
with both public and private sectors. The core of the system is based on birth and fetal death �les 
that were linked to hospital discharge records of the mother’s delivery and child’s birth. In addi-
tion, various public health program data, vital statistics datasets, clinical datasets, and census data 
at a neighborhood level were integrated into the core. Examples include birth defects, childhood 
mortality, maternal mortality, WIC, newborn screening, substance abuse services, and assisted 
reproductive technology (Kotelchuck et al., 2014). Like the TGBF in Illinois, the PELL system 
garnered much research interest with dozens of publications. In addition, it was also used by the 
Massachusetts’s Department of Public Health.

Finally, there are some specialized linkage projects for a particular program. Washington State 
WIC program data were linked to birth records to assess its protective effect on preterm delivery 
(El-Bastawissi et al., 2007). The Michigan infant screening and birth record linkage is a web-based 
program to ensure screening compliance (Korzeniewski et al., 2010). The Ohio home vesting pro-
gram for high-risk women provides a resource �le that links birth records to hospital discharge 
records, and neighborhood data, so that home visiting staff can be well prepared with personalized 
materials (Hall et al., 2014). An Oregon linkage project connects children with parents in electronic 
health records and the state’s public health insurance data (Angier et al., 2014). In California, data 

http://academyhealth.org/datalinkageproject
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from Child Protective Services are linked to birth records to study birth outcomes among teen or 
adolescent mothers who had been involved in Child Protective Services because of maltreatment, 
neglect, or being foster care children (Putnam-Hornstein et al., 2013, 2015).

14.2  NMI AND ITS APPLICATIONS

14.2.1 S ETTING UP NMI

All the intergenerational linkage �les reviewed above had major federal funding, and most of them 
were not intended for public health practice. Except studies based on the Illinois TGBF, most birth 
linkage studies did not attempt to disentangle race, socioeconomic status (SES), and other environ-
mental stressors that pass through generations (Collins et al., 2009). We built the Nebraska mother 
index (NMI) for data infrastructure enhancement rather than for a research project or for a speci�c 
funding requirement. We felt that by building the index now, it would expand our vision for life-
course intervention. Although birth records were also linked to hospital discharge data and other 
data �les, we only describe the mother index and its application in this chapter.

Prior to 1989, the birth certi�cate only identi�ed the parent’s name and, in most cases, the father. 
In theory, we could index mothers by tracing our cohort to 1989, because a new birth certi�cate form 
was introduced that explicitly included the mother’s identi�cation information. However, the digital 
data with the new form only became available from 1995 onward. For this reason, we used data from 
1995 to 2011 to build a mother index, and updated it using 2012 data when this book was written.

Mother’s identi�cation variables included �rst name, last name, maiden name, birth date, social 
security number, and residential address. However, since the social security number was not allowed 
for building the mother index, we relied on a deduplication process in Link Plus 2.0. In addition, 
we used a mother ID generated from the social security number to conduct quality control and use 
the vital records query system to manually check potential inconsistencies. The whole process was 
straightforward, and it took an experienced person close to a week of full-time equivalent (FTE) 
time to build the index for nearly a half-million birth records with more than 280,000 unique mother 
records. However, the whole process took more than a month due to getting feedback from the vital 
records of�ce and a health statistician for questionable or inconsistent records. This quality control 
process identi�ed 464 mother records that may or may not be the true link. Examples of questionable 
pairs include some bad data, such as very short birth intervals (e.g., <15 weeks). We simply did not 
index these mothers, so that their births would be treated as if they had single birth records.

14.2.2 C oNSTrUCTIoN of LoNGITUDINAL DATASETS for DESCrIPTIVE ANALYSIS

The NMI �le can be used to investigate birth outcomes for mothers with multiple births. In addi-
tion, since birth certi�cate numbers are preserved in the indexed birth �le, any program data that 
had birth certi�cate numbers can be linked to the mother index. Examples include birth defects, 
fetal death, infant mortality, and PRAMS. Most of these linked dimensions have been investigated 
by others. Since both parents were linked to hospital discharge data from 2005 to 2011, the indexed 
mothers could also be found in hospital discharge data. This linkage �le can be used to answer 
comorbidity and other hospital-related questions. Finally, most birth and death records after 2005 
were geocoded with an acceptable quality; some analysis on the impact of neighborhood environ-
ments on birth outcomes could also be carried out. In the following section, we demonstrate how 
the mother index might be used for public health programs within a state. We selected singleton 
births from the mother index and restrict our analysis to mothers who had at least two singleton 
births from 1995 to 2012.

Skjaerven et al. (1988) divided the birth weights of �rst children into eight categories (i.e., <1500, 
1500–1999, 2000–2499, 2500–2999, 3000–3499, 3500–3999, 4000–4499, and ≥4500) and then 
plotted the distribution of birth weight of second children conditional on the birth weight of the 
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�rst-born children. We attempted to replicate this analysis to see if a cohort in the United States 
would follow similar patterns. However, if we chose �rst live birth followed by the second birth, we 
would have deleted many mothers who either moved from other states with �rst births elsewhere 
or had their �rst live births prior to 1995. In order to preserve the number of records, we used the 
�rst-birth record from each mother as the “�rst birth.” We cross-tabulated the �rst births by second 
and third births according to the eight birth weight categories.

The column headings of Table 14.1 were for the �rst births, and the rows for subsequent birth 
weight categories. The upper panel is based on mothers with two or more births in the database; the 
lower panel includes mothers with three or more children. If there was a very strong trend of giving 
births within a birth weight category, then birth weight frequencies would be dominated by diago-
nals. In fact, only the middle birth weight categories were dominated by diagonals. Even though it 
is not easy to inspect all distributions, the trends are consistent with Skjaerven et al.’s (1988) �nd-
ings. If the �rst births were from a lower end of birth distributions, it is more likely that the second 
births were also from relatively lower birth weight categories. Likewise, mothers having �rst births 
in higher birth weight groups were more likely to �nd their second births in the higher birth weight 
categories. These relationships were persistent for third children, but they were much weaker and 
less apparent.

While Table 14.1 is informative to birth weight trends by birth order, it is not informative in terms 
of LBW. Table 14.2 displays the same data in two categories: LBW or not in �rst births versus the 
same categories in second births, where LBW is de�ned as having <2500 grams in birth weight 
among infants. For those mothers with LBW �rst births, the chance of having second births in 
the same category was 20%, as opposed to 3.11% when the �rst births were not LBW. Similar but 
weaker relationships were passed on to third births.

We found similar patterns for PTB, where PTB is for a gestation age of <37 weeks (Table 14.3). 
When the �rst births were full term, the chances of PTB for second births were 5.3%. When the 
�rst births were preterm, the chances of PTB for second births were 23.5%. The impact of �rst PTB 
also permeates to third births, with 20% of them being preterm when the �rst births were preterm.

14.2.3 C oNSTrUCTIoN of LoNGITUDINAL DATASETS for MULTIVArIATE ANALYSIS

Given the strong predictive powers of LBW and PTB from the �rst births, we wanted to conduct a 
multivariate analysis to examine if infants from racial minority mothers and smoking mothers would 
suffer extra de�cits in LBW and PTB independent of the predictive powers of �rst births. We used 
three racial categories: White, Black, and Other races. We used three education levels—high school 
graduates, some college, and having a college degree—to control for SES. Preliminary results 
showed no difference between less than high school and high school, so we treated high school 
graduates or less as a single category. Although it is possible that a mother gained additional educa-
tion between the �rst birth and subsequent births, preliminary results show no effect, so we did not 
include this variable. In addition, both teen births (mother of age 19 or younger) and rapid repeat 
births (RRBs) (birth interval within 24 months) are important program concerns that require inter-
vention, so we included indicator variables for both.

We constructed three smoking indicator variables against the nonsmoker from the birth cer-
ti�cate variable: if the mother smoked during pregnancy at birth 1 (time 1) and birth 2 (time 2). A 
persistent smoker is de�ned as the mother smoking during the �rst and second pregnancies if the 
outcomes are in reference to second births. When the outcomes are in reference to third births, per-
sistent smokers are de�ned as the mother either having smoked during the �rst or second pregnancy 
or still smoking during the third pregnancy. A new smoker is de�ned as the mother not smoking 
during the �rst pregnancy but smoking during the second. When the outcomes are in reference to 
third births, new smokers are de�ned as the mother not smoking during the �rst two pregnancies 
but smoking during the third. Finally, previous smokers are de�ned as mothers who smoked during 
the �rst pregnancy but not during the second or third pregnancy.
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We �rst ran a logistic regression with the dependent variable being LBW. The �rst two columns 
of Table 14.4 show that if the �rst birth is LBW, the odds of being LBW for the second birth is close 
to six times higher than those whose �rst births were not LBW. Teenage births were about 26% 
more likely to be LBW. Blacks were twice as likely to have LBW than Whites. Both associate and 
college degrees reduced the odds of having LBW by about 16% and 36%, respectively. All indica-
tors listed under smoking status were signi�cant predictors of LBW infants. The odds ratio was 
strongest for persistent smokers and weaker for new and previous smokers. Finally, RRBs were 17% 
more likely to be LBW than the comparison group.

All the directional effects for the third-birth model (last two columns of Table 14.4) were consis-
tent with those from the second-birth model. The point estimate to the LBW effect on third births 
was weaker than that for second births. It was a coincidence that point estimates for persistent smok-
ers and new smokers were identical. Note, however, that there was a minor difference in persistent 
smoker de�nition from the second-birth model to the third-birth model. The latter targets mothers 
who either smoked during the �rst or second pregnancy or still smoked during the third pregnancy 
(Table 14.5).

We ran two PTB models that correspond to LBW models. Almost all the directional effects were 
retained, although point estimates tend to be weaker than LBW models. The only exception was 

TABLE 14.2
LBW Cross-Tabulation by Birth Order

First Child No Yes Total

Second Birth
No 96.89 3.11 112,252

Yes 79.99 20.01 6,453

Third Birth
No 96.3 3.7 37,793

Yes 84.03 15.97 2,211

Note:	 Second child is for mother with more than 
one child. Third child is for mother with 
more than two children.

TABLE 14.3
PTB Cross-Tabulation by Birth Order

First Child No Yes Total

Second Birth
No 94.7 5.3 110,344

Yes 76.47 23.53 8,361

Third Birth
No 93.89 6.11 37,260

Yes 79.96 20.04 2,744

Note:	 Second child is for mother with more than 
one child. Third child is for mother with 
more than two children.
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TABLE 14.4
Predictors of LBW for Second and Third Births

Second Birth Third Birth

OR 95% CI OR 95% CI

First-birth LBW 6.733 6.27–7.231 4.186 3.68–4.762

Teen birth 1.263 1.087–1.468 1.376 0.857–2.208

Race (ref = White)
Black 2.36 2.15–2.589 2.158 1.87–2.491

Other race 1.349 1.219–1.494 1.278 1.076–1.518

Education (ref ≤ High School)
Some college 0.842 0.781–0.907 0.748 0.657–0.852

College or high 0.638 0.584–0.696 0.53 0.453–0.62

Smoking Status (ref = Nonsmoker)
Persistent smoker 2.116 1.95–2.297 2.032 1.795–2.301

New smoker 1.598 1.414–1.806 2.032 1.62–2.548

Previous smoker 1.432 1.252–1.639 1.157 0.95–1.409

RRB 1.172 1.099–1.249 1.144 1.032–1.268

Note:	 Sample is based on NMI for mothers with multiple births during 
1995 and 2012. OR, odds ratio; CI, con�dence interval.

TABLE 14.5
Predictors of PTB for Second and Third Births

Second Birth Third Birth

OR 95% CI OR 95% CI

First-birth LBW 4.702 4.411–5.012 3.726 3.359–4.133

Teen birth 1.322 1.164–1.501 1.648 1.119–2.426

Race (ref = White)
Black 1.44 1.321–1.569 1.557 1.369–1.771

Other race 1.146 1.056–1.245 1.154 1.003–1.327

Education (ref ≤ High School)
Some college 0.944 0.891–1.002 0.814 0.736–0.901

College or high 0.785 0.736–0.837 0.612 0.546–0.686

Smoking Status (ref = Nonsmoker)
Persistent smoker 1.371 1.276–1.473 1.389 1.247–1.546

New smoker 1.215 1.093–1.351 1.294 1.048–1.598

Previous smoker 1.156 1.033–1.294 1.207 1.037–1.405

RRB 1.184 1.126–1.245 1.22 1.124–1.324

Note:	 Sample is based on NMI for mother with multiple births during 
1995 and 2012.
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some college education for the second PTB model, which was not signi�cant. Most point estimates 
tended to be weaker than corresponding estimates for LBW models.

14.2.4 U SING NMI To CoNSTrUCT LoNGITUDINAL DATASETS for PRAMS

PRAMS is part of the CDC initiative to reduce infant mortality and LBW, and it covered more than 
35 states in 2014. PRAMS is a mixed-mode surveillance system consisting of a mail survey with 
telephone follow-up for nonrespondents. The system is designed to provide state-speci�c infor-
mation on maternal behaviors and experiences during pregnancy and a child’s early infancy. In 
Nebraska, PRAMS samples about 10%–11% of in-state mothers each year based on information 
from birth certi�cates. The sample is strati�ed by race and regions with an annual sample size of 
more than 2300 respondents based on a response rate of close to 80%.

PRAMS has been used for assessing (1) maternal and infant health from pregnancy through the 
early postpartum period, (2) behavior health issues (e.g., smoking, prenatal care visits, partner vio-
lence, postpartum depression, and breast feeding), and (3) disparities by race ethnicity, income, and 
neighborhood income distribution. In a review article, Kotelchuck (2006) pointed to future use of 
PRAMS. He emphasized the data integration approach of linking PRAMS to program data such as 
WIC program data and birth defects. He also promoted the multilevel approach of linking to census 
tract data and the longitudinal approach of following PRAMS subjects. It was stated that “PRAMS 
needs to explore and facilitate other database linkages more aggressively.” Since Kotelchuck’s arti-
cles, there have been many more articles that used census tract information. However, few have 
constructed longitudinal datasets using PRAMS or between PRAMS and birth certi�cate data. 
Since we already had the mother index, it was straightforward to build a longitudinal dataset either 
for PRAMS or between PRAMS and the mother index. However, before letting a program use it, it 
is necessary to evaluate its feasibility.

First, a longitudinal sample based solely on multiple PRAMS data may not have suf�cient statis-
tical power. For example, (1) we had an average of 2297 respondents each year from 2004 to 2010, 
(2) 56.8% of new mothers would have new babies in the next 3 years according to the 18-year aver-
age from the mother index, and (3) the PRAMS sample in each year is largely random and indepen-
dent, with about 10% new birth mothers. According to (2), we expected 1305 mothers to have live 
births within 3 years. If these mothers were to be randomly selected according to (3), regardless of 
which year, 133 of them would be in the next few years of PRAMS samples. In the end, we expect 
800–917 (7×131) mothers with second births, depending on if we want to count the 2010 PRAMS. 
Note that the above calculations do not need data linkage, and one can simply use the result to guide 
the feasibility. Now let’s have a reality check using the mother index that had a link to PRAMS. 
During 2004–2010, Nebraska PRAMS had 16,081 new mothers; among them, 986 were found in 
the next few waves of PRAMS for having second live births, and scores of them had third births. 
Our rough estimate was not too far off given that we did not know exactly the sample probability. 
In addition, we suspected that the sample had more minority racial and ethnic groups, which tend 
to have a high fertility. Depending on outcome measures, the power may not be suf�cient. Suppose 
that we want to study the rural–urban difference in LBW by some aspects of PRAMS variables, 
such as LBW, late recognition of pregnancy, and change in smoking status; the number of positive 
outcomes (e.g., yes for LBW) would be less than 100 respondents. When they are further strati�ed 
by rural–urban, race, and behavioral variables, the sample size for a particular cell gets smaller and 
smaller. Note also that we have not considered item response rate yet, which could further reduce 
sample size. We concluded that a construction of a longitudinal dataset based solely on three or 
four waves of PRAMS samples would have limited power for most maternal–child health analyses.

The second concern is sample bias. When a longitudinal PRAMS sample is not large enough, 
one can use the mother index to follow PRAMS mothers for their second births. Here, the PRAMS 
sample would be wave 1 in the longitudinal dataset, and mothers of second births and associated 
birth certi�cate information would be wave 2. In this case, how to use the sample weight of wave 1 
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is a concern. Table 14.6 lists sociodemographic characteristics between the second-birth full sample 
and second-birth PRAMS–mother index longitudinal sample. The latter is also compared with non-
weighted and weighted samples. The mother index sample represents all in-state mothers having 
second births during 2004–2010, in which the proportion of mothers aged 19 or younger at the �rst 
birth is very high (15.09%). The corresponding proportion in the unweighted PRAMS sample was 
10.44%. The proportion in the weighted sample was even lower, suggesting that teenage pregnancy 
or RRBs for teenagers would be biased toward underestimates. In addition, the unweighted PRAMS 
had much fewer White mothers, while the weighted PRAMS had rates of White mothers that were 
comparable to those in the mother index. There were also some inconsistencies in ethnicity and 
educational level that we are not going to describe in detail. Evidently, there were some signi�cant 
differences in sociodemographic variables that could lead to biased estimation in univariate and 
multivariate analyses.

The third evaluation was for potential outcome biases. Table 14.7 shows some cross-tabulation 
results between time 1 (�rst birth) and time 2 (second birth) for smoking status, PTB, and LBW. 
Under the mother index, 30.37% of time 1 smokers were nonsmokers during their second pregnan-
cies. The corresponding percentages for unweighted and weighted PRAMS samples were 18.82% 
and 15.06%, respectively. The outcome measures for both PTB and LBW were very close between 
the mother index and weighted PRAMS samples. Again, if one uses smoking as an outcome mea-
sure, the results could be biased. Depending on the study design, if we want to examine behavior 
change without comparing at the population level, smoking as an outcome measure can still be 
used. For example, in the PRAMS sample, 19% of mothers quit smoking during time 2 if they had 

TABLE 14.6
Sample Comparisons among Those Having Second Births: 2004–2010

Mother Index Unweighted PRAMS Weighted PRAMS 

Total N 69,376 10,535 125,056

Age Group
<16 1.19 0.57 0.28

16–19 13.90 9.87 6.2

20–29 65.57 58.38 57.99

30–39 19.03 29.82 34.03

≥40 0.30 1.36 1.5

Race of Mother
White 82.42 52.74 83.12

Black 6.08 21.4 6.62

Other 11.51 25.86 10.26

Ethnicity
Non-Hispanic 87.61 83.73 88.40

Hispanic 12.39 16.27 11.60

Mother’s Education
Less than high school 17.67 21.62 13.01

High school 23.37 24.62 20.58

Some college 28.00 29.52 32.99

College degree and beyond 30.96 24.23 33.42

Note:	 Mother index, mothers having two or more children, or second-birth mother index; 
unweighted PRAMS, PRAMS linked to second-birth mother index without wave 1 weight; 
weighted PRAMS, PRAMS linked to second-birth mother index with wave 1 weight.
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no smoking cessation treatment, but for those who had the treatment, the quitting rate was 33.3% 
(not shown in the table). In Nebraska, only a small fraction of people are eligible for smoking ces-
sation treatment, and the effectiveness of the treatment has signi�cant policy implications, and such 
information from time 1 PRAMS data is certainly helpful.

Finally, we stress the importance of careful selection and use of time 1 and time 2 variables from 
a combined PRAMS–mother index longitudinal dataset. As one might notice, all the measures in 
Tables 14.6 and 14.7 are from birth certi�cate data. When the PRAMS sample is followed for second 
births, there is a smaller sample with PRAMS questions about second birth, and the full second-
birth sample with birth certi�cate data. Although studies have suggested high concordance among 
many measures between birth certi�cate and PRAMS data, this limitation has to be recognized. For 
consistency, one should incorporate PRAMS time 1 variables into a study design, but use consistent 
outcome measures between time 1 and time 2 based on birth certi�cate data.

14.3 � USING NMI AND GEOCODED DATA TO CONSTRUCT RESIDENTIAL 
MOBILITY INFORMATION

14.3.1  RESIDENTIAL SES MoBILITY

Insofar, we have not touched neighborhood SES via census tract data. Since most birth certi�cate 
data have census tract information, they can be easily linked to census tract poverty data from the 
American Community Survey (ACS). There have been many studies using census tract poverty as 
a proxy for neighborhood SES in birth outcome analysis. Very few studies take a longitudinal view, 
as it would be taxing without the mother index or a longitudinal birth �le. Since we already have the 
mother index, we can tract mothers when they moved within the state.

Table  14.8 cross-tabulated mothers whose �rst and second births were during 2005–2011 by 
their residential SES or poverty levels according to the �rst and second births, in percentage. The 
row and column totals were poverty levels according to times 1 and 2, respectively. The diagonals 
show the percentages that did not contribute to residential SES mobility. Off-diagonals show mov-
ers who crossed at least one poverty group in their residential mobility. Cells above the diagonals 
show propensities of moving into a neighborhood with a higher percentage of poverty; cells below 

TABLE 14.7
Consistencies among Outcome Measures by Different Samples

 Mother Index PRAMS Unweighted PRAMS Weighted

Smoking Status
T2 nonsmoker T2 nonsmoker T2 nonsmoker

T1 nonsmoker 94.45 96.86 97.8

T1 smoker 30.37 18.82 15.06

PTB
T2 non-PTB T2 non-PTB T2 non-PTB

T1 non-PTB 94.52 94.05 94.58

T1 PTB 76.13 73.48 76.55

LBW
T2 non-LBW T2 non-LBW T2 non-LBW

T1 non-LBW 96.8 95.94 96.83

T1 LBW 80.26 77.28 80.36

Note:	 All numbers are in percentage. T1, time 1; T2, time 2.
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the diagonals indicate propensities of moving into a neighborhood with a lower poverty rate. Both 
are in reference to their previous neighborhoods. The main diagonals without parentheses include 
both nonmovers and movers, so that the sum of row percentages equals 100%. Intrapoverty movers 
(shown in parentheses) are those who moved into a neighborhood with an identical poverty category 
according to time 1 births. Intrapoverty group movers include but are not necessarily intraneighbor-
hood movers, who move within the same census tract.

Table 14.8 shows that there was a fair amount of mobility even though the diagonals were domi-
nant. First, there were 42% movers (by adding all the off-diagonals and numbers in parentheses), 
but at least 62% of mothers were either stayers or intrapoverty group movers. Second, movers in the 
15%–19.99% poverty group were the least likely to be intrapoverty group movers, as only 5.53% 
stayed in the same poverty group, while more than 10% moved to adjacent poverty groups in each 
direction. Third, among movers, mothers from the most impoverished neighborhoods were the most 
likely to be intrapoverty movers (26.72%). Finally, there was a propensity of moving to a less impov-
erished neighborhood.

14.3.2  RAPID REPEAT BIrTh

In the following, we demonstrate how we might use poverty and residential mobility information 
to investigate short-interval births. We included birth intervals less than 18 and 24 months. The 
former was found to be most likely associated with adverse birth outcomes in a metadata analysis 
(Conde-Agudelo et al., 2006). The latter, when including repeat teen births, is loosely de�ned as 
RRB. RRBs are associated with many adverse maternal and neonatal outcomes, such as PTB, 
LBW, congenital anomalies, increased perinatal mortality, cerebral palsy, maternal mortality, and 
anemia. As parents move beyond perinatal care, RRB is a predictor of parenting stress and child 
maltreatment (El-Kamary et al., 2004).

We were interested in the effects of neighborhood environment and moving between neighbor-
hoods on RRB. We already know the importance of neighborhood poverty status. We added neigh-
borhood mobility because young mothers are the most active segment of movers. We set up a model 
by controlling for age, sex, and educational level. We included some behavioral risk factors: a lack 
of prenatal care (fewer than six prenatal care visits) and smoking during the �rst pregnancy re�ect 
less awareness of the harmful effects on infants. For smoking, we broke it down into persistent 
smokers (smoked during the �rst and second pregnancies), new smokers (did not smoke during the 
�rst but did smoke during the second pregnancy), and those who quit (smoked during the �rst but 
not the second pregnancy).

TABLE 14.8
Neighborhood Mobility among Poverty Groups between First and Second Births

Pvt: Birth 1/Birth 2 <5 5–9.99 10–14.99 15–19.99 >20 Row N

<5 81 (12.98) 7.94 6.3 2.04 2.72 7,365

5–9.99 8.31 73.09 (10.15) 8.83 3.94 5.83 10,482

10–14.99 7.29 11.34 69.48 (10.4) 4.73 7.16 8,202

15–19.99 5.63 10.49 10.54 62 (5.53) 11.34 3,871

>20 5.16 10.53 9.4 6.56 68.36 (26.72) 7,990

Column N 8,065 10,423 8,248 3,875 7,299 37,910

Note:	 Sample, mothers who had no previous birth and had their �rst and second births during 2005–2011; pvt, 
percent of population under the federal poverty line. Cross-tabulations are in row percent, and diagonals 
are stayers and movers who moved within each poverty level between two births.
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We used �ve poverty levels: <5%, 5%–9.99%, 10%–14.99%, 15%–19.99%, and >20% of the 
population within a census tract who lived below the poverty line. This design is slightly differ-
ent from that in most studies using neighborhood SES in maternal and child health, in that we 
used it to refer to �rst births instead of current births. In addition, we included residential mobil-
ity in terms of moving up or down among different poverty levels. If a mother resided in poverty 
group 1 (5%) and moved to poverty group 5 (>20%), she moved up in poverty rate, or to a poorer 
neighborhood, by more than two levels. If she moved to poverty group 2, she moved up one level. 
Conversely, people could move from a well-off neighborhood to a poorer neighborhood. We chose 
a six-category geographic mobility coding with nonmovers being the referent, and compared them 
with those who moved within a poverty level, up one level, up two levels, down one level, and down 
two levels. Note that we were not looking for the most parsimonious model or a concept-driven 
model.

Table 14.9 shows the results. Let’s focus on RRB on the far right, which includes birth interval 
less than 24 months or repeat birth by those ages 19 or younger. As it has been identi�ed through the 
literature, the RRB is the highest among age groups less than 17 at the time of �rst birth, who could 
either give birth up to 36 months or until age 19. The next age group that had the strongest effect 
was 40 or older, who presumably hurried up fertility to beat the odds of fertility decline and other 
adverse birth outcomes. The third age group is age 17–19. Hence, if we used 19 or younger as an 
age break point, we would have a group with the greatest likelihood of having RRB, but that would 
require age coding according to the second birth instead of the �rst birth. Compared to Whites, 
RRBs were 45% and 19% more likely among Blacks and “other race,” respectively. Hispanics were 
barely less likely to be associated with RRB (p-value = 0.0508).

Having some college education or a college degree is protective against having an RRB. Having 
fewer than six prenatal visits during the �rst pregnancy is associated with a 26% higher chance than 
the referent of having an RRB. Both persistent smokers and those who smoked in the �rst but not 
the second pregnancy were 33% and 16% more likely than nonsmokers to have RRBs. Note that we 
included all combinations of smoking status between time 1 and time 2; the reference group was 
nonsmokers. New smokers, who did not smoke during the �rst pregnancy but smoked during the 
second pregnancy, were somehow likely to have RRBs.

As expected, those residing in poor neighborhoods in time 1 tended to be associated with RRBs. 
The odds ratios were around 1.07 or 1.08 for poverty groups 3 and 4, and increased to 1.25 in group 
5, suggesting some type of linear relationship. If we used a multilevel model with the same setup, 
but using a continuous poverty variable, the odds ratio would be 1.008 (not shown). Examining odds 
ratios for residential mobility suggested that it is really just mover categories versus nonmovers, 
because all the odds ratios ranged from 0.5 to 0.67 against nonmovers. Moving, in general, is a sign 
of temporary fertility control or having births in longer rather than shorter intervals.

In the 18-month birth interval model (Table 14.9, �rst two columns), the most obvious differ-
ences were those odds ratios associated with age. Both age 17–19 and 40 and older groups had an 
odds ratio greater than 1, suggesting an increased likelihood of having 18-month-interval births. In 
addition, new smokers became nonsigni�cant. Only poverty groups 4 and 5 had elevated odds of 
having 18-month-interval births. Again, all the odds ratios pertaining to residential mobility had a 
protective effect on 18-month-interval birth, and grouping them together might be better in terms 
of model �tting.

14.4  CHAPTER SUMMARY

In this chapter, we �rst reviewed major linkage projects based on birth certi�cate data. One common 
characteristic is external funding, which is a double-edged sword. On the one hand, major funding 
sources provide opportunities for state and cities to initiate data linkage projects. These projects 
provided data infrastructure for state and local governments moving forward with other data linkage 
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projects. One the other hand, funded projects tend to have a short funding period. As a project ends, 
the linked datasets are often left without caretakers to maintain, update, and make further use of 
them.

Building a simple and low-cost mother index from birth certi�cate data is an easy task. Although 
building and maintaining the mother index requires some effort, extra to regular job duties typically 

TABLE 14.9
Factors Associated with RRBs: 2005–2011

Birth Interval < 18 Months RRB

OR 95% CI OR 95% CI

Age at the First Birth
Age 17–19 vs. age < 17 1.348 1.084–1.676 0.242 0.194–0.302

Age 20–29 vs. age < 17 1.073 0.868–1.325 0.179 0.144–0.223

Age 30–39 vs. age < 17 1.105 0.887–1.377 0.197 0.158–0.246

Age ≥ 40 vs. age < 17 1.669 1.045–2.665 0.337 0.222–0.51

Mother’s Race/Ethnicity 
Black vs. White 1.546 1.391–1.717 1.445 1.318–1.583
Other race vs. White 1.31 1.176–1.46 1.188 1.086–1.3
Hispanic vs. non-Hispanic 0.95 0.851–1.059 0.914 0.835–1

Mother’s Education (ref = High School or Less)
Some college 0.788 0.734–0.845 0.864 0.815–0.915

College degree or higher 0.48 0.44–0.524 0.689 0.644–0.736

Behavioral Risk Factors 
PNC < 6 �rst birth (yes vs. no) 1.429 1.289–1.585 1.264 1.154–1.385

Persistent smoker (yes vs. no) 1.48 1.361–1.609 1.328 1.236–1.428
New smoker (yes vs. no) 0.92 0.788–1.075 0.851 0.75–0.965
Previous smoker (yes vs. no) 1.436 1.27–1.623 1.161 1.044–1.291

Time 1 Poverty (ref = pvt1 < 5%)
Pvt2: 5–9.99% 0.985 0.905–1.073 0.997 0.936–1.063

Pvt3: 10–14.99% 1.017 0.93–1.114 1.078 1.006–1.154

Pvt4: 15–19.99% 1.117 1–1.246 1.09 1–1.189

Pvt5: >20% 1.164 1.053–1.287 1.254 1.159–1.356

Poverty Mobility (ref = Nonmover)
Moved within a poverty group 0.659 0.605–0.717 0.641 0.599–0.685

Moved one poverty group up 0.836 0.747–0.936 0.735 0.671–0.805

Moved two poverty groups up 0.813 0.726–0.91 0.73 0.666–0.8

Moved one poverty group down 0.611 0.545–0.685 0.609 0.559–0.664

Moved two poverty groups down 0.536 0.479–0.6 0.544 0.5–0.593

Note:	 Sample is based on those who had no previous birth and had their �rst and second births 
during 2005–2011. Persistent smoker, smoked during �rst and second pregnancies; new 
smoker, did not smoke during the �rst pregnancy but smoked during the second pregnancy; 
previous smoker, smoked during the �rst pregnancy but did not smoke during the second. 
Poverty mobility, stayers are those who either did not move or moved within their own pov-
erty groups between �rst and second births. Pvt, poverty. Time 1, �rst birth; time 2, second 
birth. Moved 1 poverty group up, time 2 pvt – time 1 pvt = 1; moved 1 poverty group up, 
time 2 pvt – time 1 pvt ≥ 2; moved 1 poverty group down, time 2 pvt – time 1 pvt = –1; 
moved 1 poverty group down, time 2 pvt – time 1 pvt ≤ –2. PNC, prenatal care visits.
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found within a state’s vital records or health statistics of�ce, such as crosscutting, are well worth it. 
To demonstrate the utility of the mother index, we provided three applications.

First, we investigated the relationship between �rst and later birth outcomes in terms of LBW 
and PTB. Cross-tabulation based on �rst and second births showed that 20% of mothers would 
have LBW infants when their previous births were LBW. Likewise, 23% of mothers who had PTBs 
would have PTBs next time. To a lesser degree, these trends also repeat for third births. It seems 
natural to devote some intervention effort to those mothers who had LBW infants and who intend to 
have a second child. Home visiting programs sponsored by the CDC served some, but their cover-
age is not wide enough. We also ran multivariate analyses of LBW and PTB for both second and 
third births based on predictors from �rst births. The results were generally consistent with previous 
literature in that smoking has a harmful effect independent of LBW of the �rst births. Our simple 
analysis also demonstrated that we did not need to have a large-scope or funded project to conduct 
longitudinal studies using a longitudinally constructed mother index.

Second, we explored potential applications for administratively constructed PRAMS longitu-
dinal datasets. Since all the mothers in birth records within the state were indexed, it was really a 
straightforward deterministic linkage of PRAMS mothers back to the birth certi�cate system. We 
found that more than 50% of PRAMS mothers gave birth again after they entered into PRAMS. 
Due to some methodological concerns, we did not proceed with analytical assessment of public 
health issues. We instead looked at some of the potential biases from a longitudinally constructed 
PRAMS mother who had given birth again. We used the PRAMS–mother index sample and the 
full mother index sample for comparisons and found some differences between the two, especially 
the unweighted PRAMS. We concluded that without some proper adjustments, caution needs to be 
exercised when using the longitudinal data constructed from the PRAMS–mother index.

Finally, we demonstrated the utility of geocoded mother indices by constructing residential 
mobility between �rst and second births. In addition, we used neighborhood SES to predict RRB, 
which would be quite taxing without the mother index. With the availability of the mother index or 
NMI, it would be a simple query to select mothers of multiple births and short birth intervals. With 
additional geographically attached information, it would be easy to classify residential locations by 
poverty levels. With some caution, a retrospective cohort study design can be constructed with ease.
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15 Assessing and Managing 
Geocoding of Cancer 
Registry Data

15.1  INTRODUCTION

In cancer registry practice, states are required to submit latitude and longitude data based on 
patient residential address at diagnosis and to assign addresses to corresponding census tract units. 
However, the quality of the data that the states submit to the North American Association of Central 
Cancer Registries (NAACCR) is not regularly assessed. Except for states with stable and suf�cient 
funding sources (e.g., those with National Cancer Institute Surveillance, Epidemiology, and End 
Results [SEER] sites), most states in the United States have very limited resources for geocoding 
services. In order to establish a standard and improve geocoding among state and provincial cancer 
registries in North America, the NAACCR surveyed state cancer registries and recently published 
a best practices guide (Goldberg, 2008). Based on the practice guide, a geocoding service has been 
established for NAACCR member states. However, most states, including Nebraska, still use the 
existing geocoding protocols to guide geocoding practices. In this chapter, we review some of early 
geocoding practices, establish some empirical benchmarks for geocoding quality, and provide some 
management tips for geocoding projects.

Geocoding is a process of matching residential addresses to geographically identi�able loca-
tions, often by latitude and longitude. The quality of geocoding in a cancer registry ranges from the 
“gold standard” of global positioning system location to less exact centroids of geographic areas, 
such as zip codes, cities, and counties. Poor geocoding can result in erroneous conclusions (Oliver 
et al., 2005; Zimmerman et al., 2007). For example, if multiple unmatched addresses are all rep-
resented by the centroid of a zip code, the census tract that is assigned to that zip code in the can-
cer registry would have an arti�cially in�ated relative risk (Boscoe, 2008). Some analysts would 
simply delete those unmatched addresses by treating them as a random sample, but the unmatched 
addresses tend to be unevenly distributed—they are more likely to occur in rural areas and newly 
developed suburban areas, and less likely to occur in inner city areas. In many spatial cancer epi-
demiological studies, there is no other choice but to improve matching rate and location speci�city 
for unmatched records.

A state cancer registry provides a common veri�able data source for all data users. If the geocod-
ing quality of a cancer registry needs to be improved, state cancer registries should logically take 
responsibility for initiating the process. When a spatial cancer cluster is detected, a common data 
source with the same data quality will help to independently replicate and verify study �ndings. In 
addition, the most ef�cient way to address poor geocoding quality of past registry data is to update 
registry data within the cancer registry operation so that data requesters do not have to duplicate 
geocoding efforts. It is therefore important for a state registry to review its past geocoding practices 
and improve its future geocoding procedures.

A number of studies provide geocoding guidelines or discuss lessons learned, for example, the 
notable geocoding tips from the New York State Cancer Registry (Boscoe, 2008) and a best practices 
guide published by NAACCR (Goldberg, 2008). In general, the �rst step in geocoding a cancer reg-
istry is to clean and standardize the patient address. Although private vendors can provide address 
standardization services, limited budgets often prevent smaller states from using these services. 
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Second, the geodatabase for geocoding addresses should be updated regularly. Geodatabases are 
often updated using either a point feature, such as a parcel center point �le, or a line feature, such 
as a TIGER �le. The U.S. Postal Service zip + 4 is another data source for geocoding at a point 
location, usually the center of a building or a building complex. A drawback is that TIGER and 
its variants available from geographic information system (GIS) software vendors are not updated 
regularly. Third, one may want to experiment with different geocoding engines and speci�cations. 
The former may point to different software packages or platforms, and the latter is to set parameters 
within a geocoder. Both may affect geocoding quality in terms of match rate and location or posi-
tion accuracy. Finally, since post of�ce box (PO box) addresses are not available from traditional 
parcel or street centerline databases, it is often necessary to convert PO box and delivery route 
addresses to physical location addresses. However, how to process the conversion remains an issue 
(Hurley et al., 2003).

15.2  GEOCODING ASSESSMENTS

In an early assessment in 2010, we ran a query to check the availability of GIS coordinates in the 
registry data and found that the most recently geocoded data were from 2005. Based on this infor-
mation, we included 15 years of geocoded data from 1991 to 2005 in the query and found that 66.4% 
of records had a pair of GIS coordinates coded at the street level. There was a metro–nonmetro 
difference, with 82.8% of urban addresses being coded at the street level, in contrast to 51.0% of 
nonmetro addresses. Since we know that African Americans are more likely to live in urban areas 
than in rural areas, we also cross-tabulated the quality variable with race. We found that addresses 
for African American patients were more likely to be coded at the street level (84.4%) than were 
addresses for Whites and other races (66%). These results suggest that cancer epidemiological stud-
ies conducted for metro areas or for the African American population would require much less addi-
tional geocoding. However, since only 48.4% of Nebraska cancer patients resided in metropolitan 
counties in this period, and only 12% of Nebraska Cancer Registry (NCR) patients were African 
American, the chance of working with only these populations was at most 50%.

Based on the assessment above, the NCR identi�ed a contractor in 2012 to geocode registry 
data up to 2010. In preparation for this chapter, we again evaluated geocoded data from the NCR 
based on an October 2013 �le. There were a total of 249,357 address records from the October 
2013 cancer registry �le; among them, 89,168 addresses were not geocoded. It is determined that 
at least 54,203 records were geocoded before because they could be found in the recently geocoded 
addresses. But the remaining records could not be determined, as the identi�ers returned by the 
contractor were not useful due to lack of documentation for an NCR-generated ID. Upon further 
inquiry, we learned that in order to protect patient con�dentiality, a temporary ID was created for 
the contractor, together with addresses from 1995 to 2010. However, due to poor bookkeeping, the 
bridge between the temporary ID and the permanent record ID was lost. We revealed this issue 
because state cancer registry staff often face frequent turnover. It is especially a concern when a 
registry-generated ID is not documented well enough for the new staff member to link back to the 
central NCR data system.

Our assessments identi�ed two issues. One is how to improve geocoding coverage, and the other 
is how to manage geocoding work�ows. Below, we �rst identify remedies to improve geocoding 
coverage and develop a protocol that ensures an acceptable quality of geocoding. By acceptable 
quality, we mean that more than 90% of physical addresses are geocoded at the street level, while the 
remaining are placed at the centroid of a city, zip code, or other administrative unit. An early study by 
McElroy et al. (2003) provided a step-by-step geocoding process based on a Wisconsin breast cancer 
case-control study that had a street-level match rate of >95%. However, the steps in the process were 
not evaluated empirically. The geocoding guide developed by Goldberg (2008) for the NAACCR is 
a good reference to developing a state-speci�c geocoding protocol. In this study, we followed the 
principle used by Goldberg and the detailed steps by McElroy et al. In assessing geocoding quality, 
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we accepted the location generated from a geocoder in ArcGIS, whether it was an exact match to the 
address location or an interpolated one within a matched address range. Location uncertainties in 
terms of street centerline and matched address range interpolation were not evaluated, as many have 
done so (Oliver et al., 2005; Wu et al., 2005).

In order to properly manage geocoding, we wanted to assess the whole geocoding coding process 
for geocoding not only recent addresses, but also addresses from more than 10 years ago. In addi-
tion, we have experimented with the idea of the master address index by (1) identifying duplicated 
addresses in the NCR database and (2) geocoding all unique addresses, so that all addresses would 
be coded only once, similar to the master patient index (MPI) for data linkage. Once we develop 
this practice, we can then move forward to addresses from participating programs and provide 
latitudes and longitudes for a master address index (MAI). In this way, if the geocoding quality of 
a particular address needs to be improved, the informatics unit would initiate the process of editing 
the coordinates based on new updates. When this process is �nished, the updated information will 
be available for all participating programs. Interprogram sharing of high-quality geocoding can 
enhance program collaboration. If a spatial cancer cluster is detected, we could use the same cluster 
to examine if other programs’ participants had elevated risks in a clustered area.

15.3  GEOCODING WORKFLOW DEVELOPMENT

This part was partially based on an early study (Lin et al., 2010). We sampled 3000 records from 
2005 to 2008 NCR data, of which 2706 were within Nebraska, and attempted to use them to develop 
an in-house geocoding process. We used the TeleAtlast 2008 street map as the basis, as it was close 
to the sampling period. We start with ArcGIS-based geocoding with address standardization and 
address sensitivity analysis, and then move to identify PO box locations and unmatched addresses.

15.3.1 G EoCoDING WIThIN ThE ArCGIS ENVIroNMENT

Although one can get street �les from many places, the TIGER/Line® shape�les and their variation 
in ArcGIS and other mapping databases are the most frequently used. For geocoding, one should 
download he Address Range Feature (ADDREFEAT) shape�les, which contain all address range–
feature name and address range–edge database relationships at the county level. One can easily 
merge county �les to create a state �le.

To create an address locator for geocoding within ArcGIS, one needs to open ArcToolbox and 
select “Create Address Locator” from the geocoding tools. Since the street is the centerline that has 
left- and right-side addresses, one needs to set the Address Locator Style to “US Address—Dual 
Ranges.” In the next selection box, put the downloaded Address Range Feature shape�le as the refer-
ence data. In the Field Map section, map the �ve required �elds as follows: From Left—LFROMHN, 
To Left—LTOHN, From Right—RFROMHN, To Right—RTOHN, Street Name—FULLNAME. 
After the creation of an address locator, one can select Geocode Addresses in the geocoding tools 
to perform geocoding.

In real-world geocoding, one would start with address cleaning and standardization. Since we 
wanted to use the software function to recognize some spelling errors and other issues for self-
adjustment, we started with unstandardized addresses. Using the default setup, we were able to 
match 2020 out of 2706 records with a match score of 80 or higher.

A matched address is given a match score based on the number of address �elds and exact word-
ing matched. If more than three �elds from the U.S. address style (address, city, state, zip code) are 
not matched perfectly, the match score is generally below 50, or unmatched. The reported match 
scores are inversely related to spelling sensitivity set by the ArcGIS. A spelling sensitivity level is 
the percentage of characters of a street name that must be matched exactly. If 1 out of 20 characters 
in an address �eld is misspelled, the sensitivity score will likely be 95. Spelling sensitivity is implic-
itly set above 80 in the ArcGIS address locator.



238 Smart Use of State Public Health Data for Health Disparity Assessment

Note that 2020 out of 2706 matches were done without any address standardization. Among the 
2020 matched addresses, 389 addresses had a match score between 80 and 100. When we used the 
U.S. Postal Service address validation service to verify those 389 addresses, we were able to cor-
rect 346 for spelling errors and 43 for zip code errors. After this address standardization, all 2020 
addresses had a 100 match score. However, we still had 686 unmatched addresses (Figure 15.1). 
When we repeated the address validation process for 466 unmatched addresses that excluded post 
of�ce boxes and delivery routes, an additional 81 addresses were matched. Upon further investi-
gation, we found that an additional 165 addresses could be matched because they were standard 
addresses out of range of the street base map that we used. These results suggest that before geocod-
ing, one should always �nd the newest street base map and perform address standardization.

15.3.2 G EoCoDING ADDrESSES froM OThEr SoUrCES

Since we had 385 standardized addresses (including 165 out-of-range addresses) and 220 PO box 
and rural delivery route addresses that could not be coded by ArcGIS, we tried to stitch together 
a complete geocoding process by adding White Pages and other Internet search engines in the PO 
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Step 1: Geocoding based on
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PO box
address?
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FIGURE 15.1  Geocoding process assessment for a sample of Nebraska addresses.
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box location referencing, and Google Map geocoding. Since Internet geocoding cannot be solely for 
patients due to con�dentiality, we mixed the patient addresses with other addresses and then took 
out the patient addresses after Google Map geocoding.

We treated PO box and rural delivery route addresses separately. We used both the White Pages 
and Google reverse geocoding to assess the availability of physical addresses for those PO box and 
delivery route addresses. If the returns from both the White Pages and Google pointed to the same 
address, the physical address was assured; if only one of them returned a physical address, we geo-
coded it with less certainty. If neither returned an address, it could not be coded at the street level.

We chose to include only those addresses for which Google Map returned exactly the same street 
numbers, together with other address �elds. We used the Google Map geocoder to code the remain-
ing 385 unmatched addresses and the 147 PO box addresses for which the White Pages returned a 
physical address. The remaining addresses that could not be coded to street address locations and 
PO boxes for which the White Pages did not return a physical address were coded to the centroids of 
zip codes or city centers, whichever was smaller, in a geographic area. In other words, if a zip code 
was in a rural area that covers two or three small cities, we coded the location according to the city 
center. If a zip code was in a large urban area, we coded it to the zip code center.

The Google Map geocoding results are shown in Figure 15.1, at the bottom left corner. The 
process of coding 385 standardized addresses and 147 PO box street addresses yielded 326 and 
126 locations at the street level, respectively. These two processes left 80 addresses unfound. In 
addition to seven addresses with an empty street �eld, most of those unfound addresses at the street 
level were in rural areas. If rural (county or state) highways were standardized and uniquely iden-
ti�able, most of these 80 street addresses would be found. However, for the purpose of the current 
evaluation, we combined them with all other PO box addresses and coded them to city or zip code 
centroids. Together, they represented low-quality geocoding, or 5.7% of the total records.

Since Google Map and ArcGIS used different geocoding base maps, we also made some com-
parisons by selecting 1500 high-quality addresses to geocode them with both methods. The results 
showed that the median distance between each pair of 1500 coded locations was 36.6 meters, with 
an average of 92.8 meters. In the exploratory analysis, we found that 22 rural addresses could be 
geocoded with a quite different uncertainty due to rural route box location and exact farmhouse 
location. If we deleted those from the summary statistics, the average distance would be 52.5 meters.

15.3.3 E XTrACT CENSUS TrACT NUMBEr for EACh GEoCoDED LoCATIoN

After geocoding, we can load the geocoded shape�le to ArcGIS and perform a spatial join with 
the census tract shape�le that can be downloaded from the census TIGER �le website. In the 
ArcToolbox, click Overlay from Analysis Tool, and then select Spatial Join. Select the geocoded 
address shape�le for the Target Features and the census tract shape�le for the Join Features. Under 
Output Feature Class, choose a folder and name for the joined �le. Check the box for Keep All 
Target Features, and for Match Option, select HAVE_THEIR_CENTER_IN and then OK. In this 
way, the attributes from the area shape�le will be joined to the geocoded point �le. Note that an 
11-digit census tract number normally named GeoID2 should be attached. This �eld can then be 
used to link to other census tract–level variables from the census and American Community Survey 
(ACS) data �les.

15.4  OTHER SECURED INTERNET DATA SOURCES FOR GEOCODING

Since we developed the above geocoding protocol for cancer and other geocoding within the Nebraska 
Department of Health and Human Services (DHHS) in 2009, other welcome developments have 
emerged. Recent developments in Web 2.0 and volunteer geographic information (VGI) provide 
various low-cost geographic information gathering modes. However, the public health agency can-
not rely on crowdsourcing from the general public due to quality, time, and con�dentiality concerns. 
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However, if an address is not found within a database, we can use databases within local govern-
ments that update street data more frequently. We experimented with a collaborative model between 
state and local governments. With the assistance of local governments in Douglas County (Omaha) 
and Lancaster County (Lincoln), and coordination by the Nebraska GIS Council, the Nebraska 
DHHS piloted a hybrid and multimodal geocoding system that includes (1) in-house geocoding 
within the Nebraska DHHS, (2) the state centerline geocoding service from the NebraskaMap, and 
(3) several geocoding services from major cities in the state. In addition, we use Google API to iden-
tify some addresses that either have bad components or are too new to be included in any databases. 
Addresses found by Google Map provide feedback to (1) the Nebraska DHHS for corrected address 
components and 2) local governments for potential checking and updating of new street segments. 
The project not only demonstrates a number of advantages of leveraging existing web services 
from local and state governments, but also serves as a network connecting geospatial information 
specialists for promoting ef�cient GIS work�ows among various levels of governments. Using the 
same 2706 addresses above, we found an additional 228 address records that could be coded by GIS 
servers within local government GIS servers.

More recently, Texas A&M University provided a geocoding service to all NAACCR members. 
In general, it received a very positive review. Our review based on its 2013 web version was also pos-
itive, with a few glitches. We experimented with 50,000 records that had already been coded by the 
ArcGIS system to identify some potential issues. We �rst wanted to see if the system would accept 
some common formats, such as a SAS dataset. Only three data formats—access, comma-separated 
value (CSV), and text—were accepted. However, if one uses SAS to generate access data with an 
extension of .mdb, the system might not accept it. We found that CSV was the most user-friendly 
at that point. However, one needs to watch some special characters, such as ½ and the comma (,). 
When uploading a large dataset, one needs to watch the number of observations loaded. Otherwise, 
it was generally manageable once we learned how to �x special character issues.

We next compared geocoding quality. We randomly selected one-third of the addresses, or 16,464 
records, to perform real geocoding. Among them, 14,819 could be geocoded by both the GIS and 
geocoder at the address range level. Most of the unmatched and matched addresses at the zip code 
level by the geocoding service system at Texas A&M were unmatchable at the address range level. 
Among the matched, 91.13%, or 13,505 records, had identical census tract codes, and about 8.51% 
(1261) had different census tract codes; only 0.36%, or 53 records, had different county codes. Since 
different treatments by different software may come with different geocoding outcomes, it was hard 
to say which one is more accurate at this point without ground truth. In general, the geocoding ser-
vice provided by Texas A&M to NAACCR member states seems to be of high quality.

15.5  CONCLUDING REMARKS

Geocoding is a process that should include (1) address cleaning and standardization, which includes 
reverse address �nders from White Pages; (2) multiple in-house street centerline �les; (3) the most 
recent local government data to �nd addresses for new construction and so forth; and (4) use of 
an Internet geocoding service or Google Map or Earth to geocode the remaining addresses. Note 
that using Internet services requires some measure of mixing up real patient addresses with other 
addresses, so that patient addresses alone are not revealed outside the agency. If we strictly follow 
these major steps, we can achieve a 90% or even a 95% match rate. With the availability of the geoc-
oding service by NAACCR, there could be simply a two-step process, one for address standardiza-
tion and the other for NAACCR-sponsored geocoding.

Our assessment of unmatched addresses from ArcGIS suggests that a fair amount of address 
cleaning, reverse address �nding, and regeocoding of Internet-based geocoding would be required. 
In anticipation of the increased role of Internet-based geocoding, we evaluated a clean address data-
set. We found that the quality of Google Map geocoding is likely to be acceptable in most cases. 
Address reversion is labor-intensive. To reduce the manual or contract workload for Internet-based 
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geocoding, using the zip + 4 �le could be a viable option. Most standardized addresses would return 
a zip + 4 number as a by-product of address standardization. Pilot studies are needed to assess the 
quality and ef�ciency of including the zip + 4 number and using the zip + 4 �le for geocoding prob-
lem addresses.

In order to perform meaningful spatial analysis of registry and other public health data, we have 
to improve the spatial speci�city of cases. Many public health data have not been geocoded. For 
legacy data that were geocoded in the early years, it is common that more than 30% of cases are not 
coded at residential or street locations, which are not appropriate for population-based data analysis 
at the subcounty level. Due to different training, most data managers and occasion users do not have 
proper knowledge to check geocoding quality. Since geocoded data are normally processed within 
a GIS, a common myth is that checking geocoding quality also requires GIS knowledge. While this 
is true for sophisticated visualization, checking geocoded data quality does not necessarily require 
GIS. For example, by using a frequency table, one could easily see how many geocoded addresses 
are missing coordinates. In addition, for cancer, hospital discharge, birth, and death, it would be rare 
for a dozen people to have the same coordinates within a particular year if they were not from an 
institution (prison, nursing home, etc.). For this reason, one can run a Structured Query Language 
(SQL) by checking to see the distribution of identical coordinates from a geocoded product. If a 
dozen or even a half-dozen coordinates come from the same location, a �ag should be raised for 
quality checking.

In addition, a data manager should prepare a gold standard geocoding dataset that has been geo-
coded to the highest standard. The dataset should have between 300 and 400 addresses with a vari-
ety of dif�culties, such as few PO box and rural delivery route addresses. These addresses should 
be coded by a professional who can then manually check the data quality, and then be attached 
with some needed geographic units, such as census tracts. These gold standard addresses should be 
included periodically with a set of addresses to be sent for geocoding. In this way, geocoding quality 
can be checked for a subsample of the gold standard addresses.

Finally, a data manager can also play a proactive role by developing address geocoding quality 
insurance measures. A common practice for a data manager is to simply pass an address plus a 
unique ID to a contractor or in-house GISer. If this ID is temporarily assigned, at least two per-
sons within the program should know that, so that a sudden staff turnover would not jeopardize 
the geocoding work. If an ID �eld is too long, one should include two sets of IDs whenever pos-
sible, because many GIS-based geocoders do not handle long IDs, and it can be truncated without 
warning. Another measure that may enhance geocoding quality is to include an address indicator 
to differentiate residential from other types of addresses. On the one hand, many nursing homes 
may come with a street address that does not look like an institutionalized facility. On the other 
hand, many individuals only list institution names without addresses. If a geocoding contract has 
both types of information, it would be a lot easier to cross-reference between the two types of 
addresses for better coding. Sometimes, it also helps if data managers can provide some educa-
tion to address entry persons or data form receptionists to obtain better addresses. But the best 
way is to install address validation software that would standardize and valid an address at the 
patient encounter.
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16 Sex Difference in 
Stroke Mortality

16.1  INTRODUCTION

In the United States, stroke contributes signi�cantly to cardiovascular disease (CVD) death and 
was the third highest cause of mortality in 2007, with more than 130,000 deaths. Approximately 
3% of Americans have had a stroke, with a direct and indirect cost of $73.7 billion (Lloyd-Jones 
et al., 2010). Since 1990, cardiovascular mortality, including stroke mortality, has declined, but the 
decline is greater for men than for women (Lloyd-Jones et al., 2010). Since women live longer and 
have considerably lower mortality from cardiovascular disease than men, the slow decline in stroke 
mortality for women coupled with disproportionately more women aged 60 years and older will 
likely create a greater need for stroke care among women than among men.

Past research has shown little consistency in sex differential in stroke case fatality. Some early 
studies suggest a female survival advantage shortly after a hospital stay (Andersen et al., 2005; 
Olsen et al., 2007, 2009), while others suggest the opposite advantage for ischemic stroke patients 
(Niewada et al., 2005). An overwhelming majority of studies in both the United States and other 
countries show higher female short-term (28 days) case fatality (Thorvaldsen et al., 1995; Appelros 
et al., 2009). A notable exception is from a study among the Get With the Guidelines—Stroke popu-
lation in the United States (Reeves et al., 2008), which shows no sex difference in case fatality after 
controlling for other factors.

The apparent sex difference inconsistency in hospital-based case fatality may be due to the inter-
play between hospital-based and community-based �ndings. It is known that women, in general, 
have lower stroke mortality than men. This fact, coupled with no sex difference in case fatality 
within the hospital-based stroke care system, suggests that men are more likely to die in the com-
munity, without having been hospitalized for stroke care. On the other hand, if women do not have 
a survival advantage in the short term (4–6 weeks after hospitalization) but are disadvantaged in 
stroke case fatality, then they would be more likely to die from stroke in the community, while men 
would be more likely to die from other causes. In addition, there are more women than men aged 60 
years and older, and an age-speci�c adjustment may not fully account for the overall sex difference. 
In any case, evidence from hospital-based data cannot be straightforwardly added up with cause-
speci�c mortality that includes both community- and hospital-based data.

Sex differences in stroke mortality can also be examined from community-based studies. 
First, difference in treatment in hospitals affects both in- and out-of-hospital survival prognoses. 
Treatment for stroke is dependent on time, and a late response can be deadly (Lloyd-Jones et al., 
2010; Pedigo and Odoi, 2010). Gargano et al. (2009) suggests that women receive treatment later 
than men because older women tend to live alone and cannot call for help at the onset of stroke. 
Second, informal care provided by a spouse may differ, and the difference usually favors men due to 
the traditional role of women (Persky et al., 2010). Third, community resources, follow-up care, and 
public health interventions may affect people differently. Women are more likely to live alone and 
have less social support than men (Persky et al., 2010). Those who receive hospital-based rehabilita-
tion services are more likely to survive than those who receive no rehabilitation services or other 
types of rehabilitation services (Thorsen et al., 2005). In addition, both treatment effectiveness and 
after-hospital survival depend on follow-up care at the community level. Since rural areas tend to 
have fewer community-based resources and are less likely to provide timely access to emergency 
stroke care (Pedigo and Odoi, 2010), rural residents tend to have poorer survival outcomes than 
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urban residents (Sergeev, 2011). Fourth, survivors of stroke who are functionally dependent have 
a higher risk of dying than functionally independent survivors (Slot et al., 2009), and women are 
more likely to be functionally dependent, with a greater number of comorbidities. Finally, women 
are also more likely to be depressed after their stroke, which can impact recovery (Persky et al., 
2010). Since most of these factors favor male stroke patients, female stroke patients may have more 
survival disadvantages both in and out of the hospital.

In this chapter, we take an integrated approach to sex differences in stroke case fatality, connect-
ing hospital and community settings. We include patients who received hospital-based stroke care 
and patients who died of stroke outside of a hospital. We linked 5-year Nebraska hospital discharge 
data from 2005 to 2009 to the Nebraska vital statistics record system in 2010 to obtain 30-day case 
information for both fatality and survival. The results also provide stroke prognosis factors for 
Nebraska, which is important for stroke care providers and public health practitioners.

16.2  METHODS

16.2.1 D ATA

Two data sources were used. Hospital discharge data for all Nebraska residents who were hospital-
ized for stroke and discharged between January 2005 and December 2009 were retrieved from the 
Nebraska Hospital Association. Nebraska death records from January 2005 to September 2010 were 
obtained from the Nebraska Department of Health and Human Services Of�ce of Vital Records. 
The hospital discharge data records have inpatient and outpatient (including emergency depart-
ment and rehabilitation) discharge information from all hospitals in Nebraska. The system is based 
on the standard UB-04 form, which includes patient demographic information, diagnostic codes, 
procedure codes, and disposition. The UB-04 also includes International Classi�cation of Diseases, 
Ninth Revision (ICD-9) codes for primary, secondary, and other diagnoses. CVD is the leading 
cause of hospitalization in Nebraska, and it accounted for about 8,000 emergency department visits 
and more than 30,000 hospitalizations each year. The current study is restricted to Nebraska resi-
dents only. Out-of-state patients who sought care in Nebraska hospitals were excluded, and records 
for Nebraska patients who sought care in other states were not available.

To obtain survival information, we linked hospitalization data to death certi�cate data. A proba-
bilistic linkage strategy was used, with major linkage variables being patient name, date of birth, 
sex, and residence zip code. The linkage was processed using Link Plus at the Nebraska Hospital 
Association website, which hosts the hospital discharge data. After linkage, the data were deidenti-
�ed by removing name and address information. Our check of linkage quality showed that 97.4% of 
hospital discharge records with an indication of “expired” (24,368 records) among all CVD patients 
(ICD-9-CM 390–459) matched death certi�cate data. The remaining 2.6% of unmatched records 
might be due to transportation of patients who died to adjacent states for a funeral or for other 
unknown reasons. Since the linkage is patient based, readmissions or other hospital encounters are 
also available, and we had to decide which admission to use as the baseline. If a patient had multiple 
hospitalizations, we selected the �rst hospitalization, which should be similar to the “�rst-ever” 
stroke used by Roquer et al. (2003). Stroke is de�ned by the primary diagnosis (ICD-9 430–434, 
436–438), where transient ischemic attacks were excluded.

Control variables included age group and urban core county or not (counties with 100,000 or 
more population). In addition, we included a number of comorbidities identi�ed in previous lit-
erature (Niewada et al., 2005; Roquer et al., 2003). Diabetes mellitus is a potential factor in stroke 
survival and has been shown to be more prevalent in men. Atrial �brillation is a known risk factor 
for stroke and has been shown to be more prevalent in women. Heart failure is a potential factor in 
stroke survival. Anemia is a risk factor for stroke and has been shown to signi�cantly increase the 
likelihood of death 1 year after stroke hospitalization. Chronic kidney disease is an independent 
risk factor for mortality and also leads to complications such as anemia. If a diagnosis indicated one 
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or more of these comorbidity factors, it was coded 1; otherwise, it was coded 0. We also controlled 
for stroke subtype—ischemic and hemorrhagic—because hemorrhagic stroke is much more deadly 
and dif�cult to treat and is more common in women (Kapral et al., 2005). Finally, we included the 
use of hospital-based rehabilitation, which has been shown to increase the likelihood of survival in 
stroke patients (Paolucci et al., 2006).

16.2.2 S TATISTICAL ANALYSIS

Statistical analyses were performed using SAS version 9.2. Crude and standard stroke mortality 
were calculated based on the 2005–2009 underlying cause of death, with the at-risk population of 
2007 multiplied by 5 for an annualized rate. The U.S. 2000 standard population was used. In the 
descriptive analysis, all variables were in proportions, and sex difference was tested using Pearson’s 
χ2 test. In the multivariate analysis, a logistic regression was used to predict 30-day fatality, and the 
Cox proportional hazard model was used to predict overall survival. The results from the logistic 
and Cox regressions are presented as odds ratios (ORs) and hazard ratios (HRs), respectively, with 
corresponding 95% con�dence intervals (CIs). Since both regressions included age and sex, the cor-
responding ORs and HRs are age and sex adjusted. To assist the interpretation and discussion, the 
Kaplan–Meier curves for males and females were plotted by number of comorbidities.

16.3  RESULTS

16.3.1 D ESCrIPTIVE STATISTICS

Between 2005 and 2009, there were 4509 deaths in Nebraska with the underlying cause of stroke. 
Based on the at-risk populations by sex in 2007, the crude stroke mortality rates were 40.5 and 
61.2 per 100,000 for males and females, respectively (Table 16.1). This difference implies a substan-
tial sex disparity in stroke care burden, as there were 2311 deaths due to stroke among females aged 
75 years and older, almost double the number for males (1214) aged 75 years and older. Even though 
the crude rates for males and females are quite different, the standardized mortality rates are very 
close (44.07 vs. 45.58 per 100,000 for males and females, respectively).

Among the 15,806 stroke patients identi�ed in the 2005–2009 Nebraska hospital discharge data, 
7,656 (48%) were males and 8,150 (52%) were females. The mean age was higher for females than 
for males (74.1 years for females vs. 70.3 years for males, p < 0.001). Mean hospital stays, not 
including rehabilitation, were signi�cantly shorter for males than for females (3.8 days for males 
vs. 4.2 days for females, p < 0.01). Table 16.2 lists frequencies and crude survival rates for selected 

TABLE 16.1
At-Risk Population (2007), Stroke Deaths (2005–2009), and Mortality

Males Females

Age Group Population Deaths Mortality Population Deaths Mortality
0–14 189,055 5 0.53 180,429 3 0.33

15–29 200,003 7 0.70 189,662 5 0.53

30–44 169,438 30 3.54 163,512 24 2.94

45–59 179,511 165 18.38 181,849 106 11.66

60–74 92,416 353 76.39 101,637 286 56.28

75+ 46,350 1,214 523.84 76,050 2,311 607.76

Total 876,773 1,774 40.47 893,139 2,735 61.24

Age-standardized rate 44.07     45.58

Note:	 Mortality is annualized per 100,000.
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variables by sex. There was a greater proportion of males than females in the 40–59 years and 
60–75 years age groups, but the age-speci�c survival rates were comparable (Table 16.2, last two 
columns). Males were slightly more likely than females to have ischemic stroke, while there was 
no sex difference for the more deadly hemorrhagic stroke. All the comorbidity conditions were sig-
ni�cant. With the exception of chronic kidney disease, females were more likely than males to have 
other comorbidities, such as atrial �brillation, anemia, and heart failure. Males were more likely 
than females to receive rehabilitation services after stroke, but there was no rural–urban difference 
between males and females, suggesting that a lack of access to rehabilitation services in rural areas 
may not be a factor contributing to more males seeking rehabilitation services. Finally, although 
females were more likely than males to die both in and out of the hospital, the increased likelihood 
of out-of-hospital death was signi�cant.

Among all stroke patients, females had a lower unadjusted survival rate (64.2% for females vs. 
69.5% for males). This result is not surprising because males tended to be younger than females 
and more likely to receive rehabilitation services. However, females were more likely than men to 
survive if they were less than 40 years of age or if they received rehabilitation services after stroke. 
Interestingly, while females were less likely to have ischemic stroke, they were more likely to die 
from it afterwards. Since ischemic stroke is less life threatening than hemorrhagic stroke, this result 
suggests that comorbidities, which are more prevalent among females, made them more likely to die 

TABLE 16.2
Descriptive Statistics among Hospitalized Stroke Patients by Sex

Crude Survival Rate, %

Total 7656 8150 69.5 64.2

Age, years Male Female Male Female
<40 200 (2.6) 216 (2.7) 87.0 93.1

40–59 1396 (18.2) 1115 (13.7) 83.8 85.8

60–75 2840 (37.1) 2297 (28.2) 76.8 76.7

76–90 2985 (39) 3775 (46.3) 58.4 56.0

>90 235 (3.1) 747 (9.2) 31.5 30.4

Stroke Subtype
Ischemic stroke 5679 (74.2) 5927 (72.7)** 73.2 66.5

Hemorrhagic stroke 1381 (18) 1427 (17.5) 55.0 52.1

Comorbidities
Atrial �brillation 1083 (14.2) 1429 (17.5)** 55.7 44.1

Anemia 454 (5.9) 681 (8.4)** 56.2 56.7

Diabetes 1880 (24.6) 1868 (22.9)* 69.8 65.4

Chronic kidney disease 587 (7.7) 514 (6.3)** 53.7 52.1

Heart failure 573 (7.5) 732 (9)** 49.7 36.6

Rehabilitation
Had rehab 1240 (16.2) 976 (12) 83.6 86.8

Did not have rehab 6416 (83.8) 7174 (88)** 67.1 61.5

Urban core counties 3361 (43.9) 3669 (45) 72.8 66.3

Expired Status
30 days 930 (12.1) 1314 (16.1)**

30+ days 1384 (18.1) 1575 (19.3)*

Note:	 Percentages as male and female totals are in parentheses.
* p < 0.05; ** p < 0.01.
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in nonhospital settings. This implication was further reinforced by the fact (not shown) that females 
were much less likely to be discharged to home (50.39% for males vs. 38.87% for females, p < 0.01), 
requiring more skilled nursing and other prescribed care after discharge.

16.3.2 M ULTIVArIATE ANALYSIS

In the multivariate analysis, we examined the degree to which the �ndings from the descriptive 
analysis were attenuated by other variables. Table 16.3 lists results from a logistic regression on 
30-day case fatality using the same set of variables from Table 16.2. Age effects were all signi�cant, 
but the effects for the 40–59 years and 60–75 years age groups were similar to the effects seen in 
the descriptive analysis. Stroke patients who had chronic kidney disease, atrial �brillation, or heart 
failure were signi�cantly more likely to die within 30 days of onset. Having received rehabilitation 
services reduced mortality. Both ischemic and hemorrhagic strokes increased the likelihood of 
30-day fatality. Females were still more likely than males to die within 30 days, even after control-
ling for the above factors.

For the survival analysis, we analyzed the overall sample (Table  16.4, �rst two columns). In 
addition, we ran an out-of-hospital survival model using the same set of variables as in Table 16.2 
(Table 16.4, last two columns). The age effects followed a gradient: the older the patient, the greater 
the HR. Those aged 91 years and older had an HR of 11.195 compared to those aged 39 years or 
younger. With the exception of diabetes, comorbidity factors, such as anemia, chronic kidney dis-
ease, atrial �brillation, and heart failure, were all independent predictors of mortality, with HRs 
around 1.5. Receiving rehabilitation services reduced case fatality. As expected, hemorrhagic stroke 
increased case fatality (HR 2.33, 95% CI 2.08–2.619). After controlling for age, comorbidity, and 
stroke type, sex was not an independent predictor of mortality. This �nding was true for the overall 
and out-of-hospital survival models. Finally, compared to the overall survival models, the HRs in 
the out-of-hospital survival model had either similar or stronger effects.

TABLE 16.3
Logistic Regression on 30-Day Stroke Case Fatality

  OR 95% CI

Ref (age < 40)
Age 40–59 1.91 1.239–2.943

Age 60–75 2.314 1.517–3.528

Age 76–90 4.637 3.058–7.031

Age 91 and older 10.857 7.015–16.805

Females 1.149 1.04–1.269

Diabetes 0.988 0.877–1.113

Anemia 1.045 0.875–1.248

Chronic kidney disease 1.32 1.104–1.579

Atrial �brillation 1.542 1.369–1.738

Heart failure 1.995 1.717–2.317

Had rehabilitation 0.843 0.763–0.931

In urban core counties 1.382 1.115–1.713

Stroke Type (ref = others) 
Ischemic stroke 6.528 5.219–8.164

Hemorrhagic stroke 0.035 0.019–0.061

Note:	 If a CI does not contain 1, then the OR is signi�cant.
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Because the descriptive and multivariate analyses results differed, we plotted the Kaplan–Meier 
curves by sex after hospitalization to gain insight into the timing and comorbidities of stroke 
(Figure 16.1). To aid the visual effect, censored points were not shown, and 250 weeks or more were 
truncated. Figure 16.1 shows that after an initial drop in survival, male and female stroke patients 
had similar survival pro�les when they had no comorbidities or one comorbidity. Differences in 
sex survival stem mainly from those with two comorbidities: males with two comorbidities had a 
signi�cant survival advantage within the �rst 10 weeks after the admission compared to males with 

TABLE 16.4
Cox Survival Models for the Overall and Out-of-Hospital 
Stroke Patients

Overall Survival Out-of-Hospital Survival

HR 95% CI HR 95% CI

Age 40–59 1.828 1.319–2.534 1.773 1.174–2.677

Age 60–75 3.145 2.292–4.316 3.505 2.353–5.222

Age 76–90 5.968 4.36–8.169 7.009 4.717–10.415

Age 91 and older 11.195 8.113–15.447 14.335 9.574–21.464

Diabetes 1.06 0.993–1.133 1.08 1.004–1.162

Anemia 1.151 1.046–1.266 1.248 1.124–1.385

Chronic kidney disease 1.513 1.377–1.662 1.63 1.47–1.807

Atrial �brillation 1.419 1.327–1.517 1.424 1.321–1.536

Heart failure 1.65 1.521–1.791 1.696 1.547–1.858

Had rehabilitation 0.343 0.306–0.384 0.394 0.351–0.442

In urban counties area 0.9 0.85–0.953 0.856 0.803–0.913

Ischemic stroke 1.043 0.937–1.16 1.024 0.915–1.146

Hemorrhagic stroke 2.334 2.081–2.619 1.525 1.34–1.737

Female sex 1.024 0.968–1.084 1.023 0.96–1.09

Note:	 If a CI does not contain 1, then the HR is signi�cant.
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FIGURE 16.1  (See color insert) Kaplan–Meier curves by sex and comorbidities.
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three or more comorbidities. Females with two comorbidities, on the other hand, were as likely to 
die as males and females with three or more comorbidities.

16.4  CHAPTER SUMMARY AND DISCUSSION

In this study, we integrated hospital-based stroke data with community-based vital statistics records 
to provide a fuller picture of sex differences in case fatality and mortality. Consistent with previous 
literature, we found that females in Nebraska have higher stroke case fatality than males. Adjusting 
baseline characteristics does not remove this disparity (OR 1.149, 95% CI 1.04–1.269). Females also 
have slightly higher 30+-day case fatality than males, but these differences are not signi�cant after 
adjusting for baseline risk factors, such as age and comorbidities.

Other factors reduce female survival rate. Because females outnumber males in older age 
groups, females overall are more likely to have age-related comorbidities. These comorbidities 
have been shown to reduce survival and thus make females more likely to die than their male 
counterparts. Two or three morbidity conditions contribute similarly to the survival prognosis 
for females, while each additional morbidity condition progressively reduces males’ chance of 
survival.

Several factors protect patients from stroke mortality. Similar to Carinci et al.’s study (2007), 
we found that patients who receive rehabilitation services after hospitalization are more likely to 
survive than those who do not receive rehabilitation services. In the context of our descriptive �nd-
ings, it is dif�cult to know how rehabilitation services may contribute to or reduce sex difference in 
stroke case fatality. Although we did not have data on stroke severity for our study group, a Swedish 
national study suggests that when stroke conditions are comparable (Eriksson et al., 2009), females 
are less happy than males with rehabilitation consultation. These results suggest that rehabilitation 
programs should be more accessible and amenable to women, so that they would be more willing 
to participate in them. In addition, living in an urban environment also appears to increase survival 
because of greater access to rehabilitation and other stroke care resources. Although there was no 
signi�cant difference between males and females in rural–urban living, women may have greater 
transportation needs to access different stroke care resources, such as emergency and home care, as 
many women stroke victims live alone.

Women outlive men by a large margin, which has signi�cant and wide implications in stroke 
incidence, mortality, and case fatality. In the current study, females aged 75 years and older account 
for more than 60% of female stroke hospitalizations and 83% of female stroke deaths. The number 
of stroke deaths in this age group was almost twice as high for females as for males. Although the 
age-adjusted stroke mortality rates were similar by sex (44.07 per 100,000 for males vs. 45.58 for 
females), stroke places a large burden on those caring for elderly women, and the age-standardized 
rate may mask stroke care burden for women from both health care delivery and public health sys-
tems (Reeves et al., 2008). This possibility is supported in our analysis of hospitalization data, where 
we found no sex difference in survival after adjusting other risk factors, but found that females stay 
in the hospital longer and require more community-based services after discharge.

The study has several limitations. First, we did not have a severity index for stroke victims, and 
we did not have information about risk factors for the patients, such as whether they smoked or 
had chronic hypertension. Second, we had very limited prehospital and in-hospital treatment and 
timing information, which is critical for stroke patient survival. In addition, a Nebraska resident 
could have been hospitalized for stroke within the state but moved out of the state and died; we 
had such records only if the death occurred in a state with which Nebraska has a vital statistics 
exchange agreement. In addition, no data were available about Nebraska residents who may have 
been hospitalized for stroke in another state. Finally, although our check of the data linkage qual-
ity showed a high degree of accuracy, it is possible that some patients were missed during the 
linkage process.
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17 Model Outcomes of Acute 
Myocardial Infarction 
(AMI) by Residence and 
Hospital Locations

17.1  INTRODUCTION

Acute myocardial infarction (AMI), or heart attack, is a major cause of death in the United States. 
AMI mortality and rehospitalization rates are standard quality of care indicators. To improve AMI 
patient care, the American Heart Association (AHA), the Centers for Medicare and Medicaid 
Services (CMS), and the American College of Cardiology (ACC) have introduced sets of quality 
improvement guidelines (Bernheim et al., 2010). Despite these efforts, disparities in health out-
comes exist among different population groups and over different geographic areas (Xian et al., 
2010). Previous studies, both before and after the introduction of the clinical improvement guide-
lines, have found signi�cant differences in process measures for AMI care between rural and urban 
hospitals. Earlier evidence from the mid-1990s showed that rural hospitals provide poorer quality 
of inpatient care for AMI patients than do urban hospitals. Patients admitted to rural hospitals were 
less likely to receive recommended lifesaving treatments or key quality of care indicators, such as 
aspirin at discharge, beta-blockers, and thrombolytic therapy (Tsai et al., 2010). Despite overall 
improvement in adhering to recommended treatments for AMI patients, and closing gaps between 
large rural hospitals and urban hospitals (Baldwin et al., 2010), these treatment disparities persisted 
5–10 years after the introduction of the guidelines (Barnato et al., 2005; O’Connor and Wellenius, 
2012). A study showed rural hospitals had a higher 30-day mortality rate than urban hospitals 
(Baldwin et al., 2004), while another study from Iowa found no difference in AMI in-hospital mor-
tality rate between rural and urban hospitals (James et al., 2007). Due to data limitation, almost all 
the studies used 30-day or in-hospital mortalities as the outcome. In this case study, we extend it to 
survival beyond 30 days after discharge.

From an AMI patient’s perspective, Nebraska rural residents face a number of barriers to receiv-
ing optimal care after an AMI attack (Sheikh and Bullock, 2001; Nawal et al., 2007). First, the over-
whelming majority of cardiology care services and facilities are in the two largest cities: Omaha 
and Lincoln. In 2010, there were 130 cardiologists according to the Nebraska Professional Tracking 
System, among whom 102 were in these two cities. Second, sometimes an AMI patient has to seek 
care in a rural hospital when travel time to a major urban hospital is greater than 30 to 40 minutes, or 
the so-called golden hour for AMI patients. However, only 7 out of 90 rural counties have cardiolo-
gists. As a result, some of the patients might end up seeking care from a generalist rather than a car-
diologist. Third, even though an AMI patient can ultimately receive care at a major urban hospital, 
emergency medical services (EMS) travel time and treatment during transport may not be optimal. 
In this case study, we included physical access measures, such as travel distance and bypassing rural 
hospital information, to evaluate rural–urban differences in AMI readmission and survival.

Cardiac rehabilitation, such as physical exercise, is an important step for AMI patient recov-
ery. Cardiac rehabilitation can improve survival and reduce hospital readmissions. The AHA and 
ACC guidelines recognized physical exercises for AMI patients as Class I (B) recommendations 
on secondary prevention (Smith et al., 2006): all patients with an AMI should be offered a cardiac 
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rehabilitation program. However, cardiac rehabilitation is still seriously underutilized, because of 
the geographic distribution of available programs and the failure of physicians to refer patients 
(Ades, 2001). In addition, most studies using hospital discharge data do not include cardiac reha-
bilitation, because most rehabilitation programs are carried out in outpatient facilities. In this case 
study, we address this data gap by linking inpatient data to outpatient data so that all AMI patients 
who had cardiac rehabilitation are identi�ed.

Finally, interactions among known risk factors are common. In previous chapters, we assessed 
readmission and mortality outcomes according to major diagnoses for hospitalizations. In this chap-
ter, we include comorbidities and neighborhood socioeconomic status (SES) that may affect AMI 
outcomes. In addition, we tapped the location information from geocoding and added two important 
pieces of information to each record: distance to hospital and �ve poverty levels at the census tract 
level. We know from Chapter 8 that AMI events are more likely to be found in the poorest poverty 
category (>20%) than in the least poor category (<5%). We know from Chapter 10 (Table 10.2) that 
the same is true for urban areas, but the opposite for rural areas. However, we do not know if poverty 
had any impact on mortality outcomes, and if bypassers had a better survival prognosis.

17.2  METHOD

17.2.1 D ATA LINKAGE

We used the 7-year (2005–2011) hospital discharge data and selected the �rst hospitalization due to 
AMI based on the primary diagnosis. This practice is different from that in Chapter 8, where we 
used the �rst two diagnoses to de�ne an AMI admission. We excluded patients who resided outside 
of Nebraska, leaving 14,457 unique patient records in the current study. If we used the primary and 
secondary diagnoses, the number of patients would be about 19,000. In order to obtain information 
on (1) mortality beyond 30 days, (2) rural hospital bypassing, (3) cardiac rehabilitations, and (4) 
neighborhood SES, we needed to link four different datasets. Each individual linkage was described 
in previous chapters, and we summarize them here again.

We �rst linked hospital discharge data to vital records mortality data (2005–2012). The linkage 
was conducted at the Nebraska Hospital Association based on the probabilistic linkage methodol-
ogy. The variables used for the linkage include patient name, date of birth, sex, and residence zip 
code. Residential address and driver’s license information were used during the manual review 
process to ascertain true links. Second, all patients were already geocoded to their residential loca-
tions using the method described in Chapters 6 and 15. After geocoding, poverty information, such 
as percent of people living under the federal poverty line, was attached to each patient based on 
the ACS 2006–2010 data. Third, we linked inpatient data and outpatient data by using the master 
patient ID created by the Nebraska Hospital Association. This is the deterministic linkage that goes 
through more than 17 million outpatient records between 2005 and 2011. In addition, all hospitals 
were geocoded according to their addresses. Although there could be some small variation in terms 
of exact latitudes and longitudes, hospital addresses were 100% correct in terms of county locations 
to identify rural hospital bypassing events. Based on hospital location and patient residential loca-
tion, Euclidean distance is calculated for each hospitalization event.

17.2.2 V ArIABLES

We were interested in rural and urban differences, and used three urban counties (Douglas, 
Sarpy, and Lancaster) in contrast to the rest of the state as rural. Key outcome variables included 
30-day all-cause readmission and 1-year mortality or survival after discharge. The 30-day read-
mission was in reference to the �rst AMI admission. The out-of-hospital mortality excluded 
those who died in hospitals, as we wanted to focus on those who died in communities. Likewise, 
the out-of-hospital survival did not use 30 days as the cutoff, it started from the discharge date 
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for those who were discharged alive, and lasted until 2012 or 1 year to the last discharge date in 
the study period.

The control variables used in the study included patient age, sex, and neighborhood poverty level, 
and a list of comorbidities, transfer status, and location factors. As the presence of comorbidities 
can alter the effectiveness of a treatment, a number of important comorbidity conditions, such as 
chronic obstructive pulmonary disease (COPD), diabetes, renal disease, hypertension, cerebrovas-
cular disease, and cancer, were included as control variables. The exploratory analysis suggested 
that there were very weak correlations among these comorbidity variables, with the strongest being 
0.13 between diabetes and hypertension. If a health condition appeared in one of nine diagnosis 
�elds, we coded it as 1; otherwise, it was 0. A patient having an outpatient cardiac rehabilitation 
session was coded 1; otherwise, the patient was coded 0. Transfer status was derived from the 
admission source variable. To measure geographic access, we created two variables: distance to 
a hospital and rural bypasser. Distance to a hospital is based on crow �ying distance from a geo-
coded patient location to the corresponding hospital location. A rural bypasser is de�ned as one 
who bypasses rural counties, presumably a rural hospital, to seek care in an urban hospital. Finally, 
we also included an indicator variable of transfer admission. If an admission was a transfer from a 
hospital, then it was 1; otherwise, it was 0. As we shall see, this variable overlaps signi�cantly with 
the rural bypasser variable.

17.2.3 S TATISTICAL ANALYSIS

The study followed a retrospective cohort design, with the key exposure being rehabilitation status. 
Information such as cardiac rehabilitation, all-cause readmission, and mortality information was all 
after the initial hospitalization. The longitudinal components were generated through data linkage 
and master patient ID. Both descriptive and multivariate analyses were used. In the descriptive sta-
tistics, all the variables were in proportion, and Pearson chi-squared tests were used for the rural–
urban difference. In multivariate regression analyses, AMI readmission and 1-year mortality and 
survival were examined, controlling for demographic, poverty, comorbidities, and other risk factors. 
Two distinct models were estimated. A place of residence model was to contrast rural and urban 
residents; a place of hospital model was to contrast rural and urban hospitals. Logistic regression 
was used in mortality analysis, and a Cox proportional hazard model was used in the survival analy-
sis. The odds ratio (OR) and hazard ratio (HR) were calculated to estimate AMI death and survival 
rates, respectively, with 95% con�dence intervals (CIs). In all statistical analyses, a backward-�tting 
process was used to remove variables that were not signi�cant (p ≥ 0.05).

17.3  RESULTS

Table 17.1 shows that between 2005 and 2011, there were 14,457 patients hospitalized with AMI 
in Nebraska, of which more than half of the patients (45.7%) resided in urban counties, with urban 
hospitals taking 69.1% of all AMI patients. While there was no rural–urban difference in sex, 
urban hospitals took signi�cantly more male patients (62.6% vs. 57.9%). Rural areas had many more 
patients age 80 years or older than urban areas (30.73% vs. 22.21%), and so did the rural hospitals 
(37.31% vs. 22.15%). Rural residents were less likely to be in the poorest and well-off neighbor-
hoods, and so were the rural hospitals. Except for cerebrovascular disease (mainly stroke), there 
was no signi�cant rural–urban difference in comorbidities, while rural hospitals took more AMI 
patients with COPD and cancer than urban hospitals.

The crude readmission rate is lower among rural than urban hospitals (6.15% vs. 7.29%). In con-
trast, the percentage of patients who died within 1 year of AMI hospitalization was higher in rural 
hospitals than in urban hospitals (23.05% vs. 13.83%); the corresponding difference between rural 
and urban residents was smaller (18.23% vs. 14.83%). These rates, although broadly comparable 
to the national rates, should not be compared, as they are not age and sex standardized. Based on 
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outpatient data only, we found that rural areas tend to have a lower rate (40.19%) of rehabilitation 
than urban areas (46.13%). In addition, 43.2% of rural residents bypassed a rural county to seek 
AMI care in urban hospitals. By de�nition, rural (hospital) bypassers exclude urban residents, but 
there were less than 0.60% urban hospital bypassers in the study sample. Another way to look at 
bypassers is through an admission that was transferred from another hospital. As we can see, 21.6% 
of rural patients had a transfer admission, in contrast to 2.7% for urban residents. In fact, transfer 
patients accounted for 13.87% of urban AMI admissions. Given the high proportion of transfer 
admissions, our de�nition of bypassers may not necessarily mean actively bypassing a rural hospital 
to seek care in an urban hospital, because many of them could be transferred patients.

Table 17.2 lists the results for readmission models by place of residence and place of care. All 
the variables above the readmission entry in Table 17.1 were entered into models. The only dif-
ference between the two models was the last dummy variable: the place of residence or hospital. 
Consequently, both models yielded similar results. Having rehabilitation was associated with 17% 

TABLE 17.1
Descriptive Statistics by Rural–Urban Residents or Hospitals

Rural Residents Urban Residents Rural Hospitals Urban Hospitals

Total cases 7851 6606 4468 9989

Demographics
Sex (male) 61.01 61.31 57.9 62.6*

Age < 40 1.34 2.33* 1.34 1.99*

Age 40–59 24.61 33.3 21.71 31.65

Age 60–80 43.32 42.16 39.64 44.2

Age > 80 30.73 22.21 37.31 22.15

Poverty Groups
>5% 9.48 27.32* 6.92 22.42*

5%–10% 36.45 26.58 35.7 30.26

10%–15% 37.29 14.37 38.16 21.74

15%–20% 9.49 9.28 10.27 9

20+% 7.29 22.45 8.95 16.57

Comorbidities
COPD 15.11 14.26 16.88 13.76*

Diabetes 21.76 22.25 22.74 21.64

Renal disease 9.09 8.2 6.98 9.45*

Hypertension 56.04 55.21 56.47 55.3

Cerebrovascular disease 4.99 4.04* 4.77 4.46

Cancer 2.53 2.51 2.98 2.32*

Other variables 0 0

Having rehab 40.19 46.73* 35.16 46.76*

Rural hospital bypassers 43.42 34.13

Transfer admission 21.62 2.68* 10.94 13.87*

Crude readmission rate 6.84 7.05 6.15 7.29*

Died in hospital 6.27 5.6 7.39 5.33*

Died less than 30 days 10.23 8.28* 12.56 7.9*

Died less than 1 year 18.23 14.83* 23.05 13.83*

Note:	 All percentages should be added to 100% by each selected variable. 100% – male percent in urban = female 
percent in urban. Rural hospital bypassers are rural residents who went to urban hospitals.

* Signi�cant at p < 0.05.
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more odds of readmission, while urban patients and urban hospitals had about 20% greater odds of 
readmission than their rural counterparts. Rural hospital bypassers had 27.5% greater odds of read-
mission. Finally, sex, poverty, and most comorbidity conditions were not signi�cant except renal 
disease, which increased the readmission odds by about 37%.

The results from 1-year out-of-hospital mortality were quite different from those for readmis-
sions (Table 17.3). We focus on the results from the place of residence (column 2), as both models 
had similar results. There was an obviously rising trend in odds ratio for each age group in both 
models, and older patients were much more likely to die than younger patients. In both models, 
patient gender was not signi�cant, and it was dropped by the backward selection. Likewise, poverty 

TABLE 17.2
Predictors of 30-Day Readmission by Place of Care or Residence

Age Effects (ref = <40) Place Model Hospital Model

Age 40–49 0.754 (0.464, 1.226) 0.751 (0.462, 1.222)

Age 50–59 0.973 (0.603, 1.57) 0.97 (0.601, 1.566)

Age 60–80 1.229 (0.755, 1.999) 1.25 (0.768, 2.034)

Renal disease 1.449 (1.173, 1.789) 1.423 (1.152, 1.758)

Cancer 0.568 (0.324, 0.997) (Not signi�cant)

Rehab (yes vs. no) 1.204 (1.05, 1.38) 1.197 (1.044, 1.373)

Urban vs. rural (—) 1.193 (1.026, 1.387)

Note:	 Results from the models are based on backward selections that removed poverty. 
Distance to hospital is crow �ying distance. Place model: Urban vs. rural—urban 
residents vs. rural residents. Hospital model: Urban vs. rural—urban hospitals vs. 
rural hospitals.

TABLE 17.3
Odds Ratio of 1-Year Mortality: Place- and Hospital-Based Models

Age Effects (ref = <40) Place of Residence Place of Care 

Age 40–59 2.175 (0.68, 6.956) 1.974 (0.616, 6.321)

Age 60–80 7.156 (2.268, 22.582) 6.343 (2.008, 20.037)

Age > 80 22.242 (7.059, 70.083) 20.139 (6.385, 63.515)

Comorbidities
COPD 1.502 (1.306, 1.727) 1.545 (1.332, 1.791)

Renal disease 1.996 (1.704, 2.338) 1.979 (1.667, 2.35)

Hypertension 0.59 (0.526, 0.661) 0.61 (0.54, 0.688)

Cerebrovascular disease 1.555 (1.249, 1.936) 1.553 (1.236, 1.95)

Cancer 4.539 (3.502, 5.882) 4.831 (3.691, 6.323)

Rehab (yes vs. no) 0.111 (0.091, 0.135) 0.113 (0.092, 0.139)

Rural bypassers 0.658 (0.545, 0.795)

Distance to hospital 0.996 (0.994, 0.998) 0.91 (0.878, 0.943)

Urban vs. rural 0.73 (0.643, 0.83)

Note:	 Con�dence intervals are in parentheses. Results from the models are based on back-
ward selections that removed poverty. Distance to hospital is crow �ying distance. 
Bypassers are rural residents who went to urban hospitals for care. Place model: 
Urban vs. rural—urban residents vs. rural residents. Hospital model: Urban vs. 
rural—urban hospitals vs. rural hospitals.
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level and transfer status were not signi�cant and were dropped from the �nal models. In a prelimi-
nary analysis of an age- and sex-adjusted model, a high poverty rate was signi�cantly associated 
with the likelihood of dying within 1 year of indexing admission, but its effect diminished after the 
introduction of rehab status. This result could be explained by a high percentage of rural patients 
who didn’t have rehabilitation. Rural people had lower a proportion of the extremely poor, but they 
tended to be older. These two effects canceled some poverty effects, and when the rehabilitation 
variable was added, poverty lost its explanatory power.

With regards to comorbidity, COPD, renal disease, cerebrovascular disease, and cancer were all 
positively associated with 1-year mortality, while hypertension was associated with a 40% reduction 
in 1-year mortality. For the positive predictors, cancer and renal disease had the strongest effects. 
These effects were broadly comparable between the two models.

Finally, having at least one rehabilitation session in an outpatient setting signi�cantly reduced the 
odds of 1-year mortality (OR 0.111, 95% CI 0.091–0.135). In fact, judging by the explanatory power 
or the reduction of deviance residuals per degree of freedom, it is the most important predictor of 
1-year mortality. In the place of residence model, both the distance to a hospital and rural bypasser 
variables were signi�cant. Bypassing rural hospitals reduced the odds of 1-year mortality by 34% 
(OR 0.658, 95% CI 0.545–0.795), and the shorter the distance, the less likely the patient was to die, 
all else being equal. Controlling all of the above effects, we found that people residing in urban 
areas had a 27% mortality bene�t within a year (OR 0.73, 95% CI 0.643–0.83), while the hospital 
location was not signi�cant, a result consistent with James et al.’s (2007) study in Iowa.

Table 17.4 displays the results from out-of-hospital survival models by hospital location and place 
of residence. Again, both models yielded similar results, and we focus on the place of residence 
model. The age effect followed a gradient similar to that of the logistic regression: older patients 
tended to have a greater HR. All the effects for comorbidities were signi�cant, and they followed 

TABLE 17.4
Hazard Ratios for Place of Residence and Place of Care Models

Age Effects (ref = <40) Residence Model Hospital Model

Age 40–49 1.647 (0.946, 2.867) 1.641 (0.943, 2.856)

Age 50–59 5.216 (3.02, 9.009) 5.187 (3.004, 8.959)

Age 60–80 12.502 (7.24, 21.588) 12.402 (7.183, 21.414)

Male vs. female 0.934 (0.877, 0.994) 0.933 (0.877, 0.993)

Comorbidities
COPD 1.418 (1.316, 1.527) 1.419 (1.318, 1.528)

Diabetes 1.109 (1.031, 1.192) 1.11 (1.032, 1.193)

Renal disease 1.47 (1.344, 1.608) 1.467 (1.341, 1.604)

Hypertension 0.668 (0.628, 0.71) 0.668 (0.628, 0.71)

Cerebrovascular disease 1.364 (1.215, 1.53) 1.36 (1.212, 1.526)

Cancer 2.116 (1.854, 2.415) 2.118 (1.855, 2.417)

Rehab (yes vs. no) 0.25 (0.229, 0.273) 0.25 (0.229, 0.272)

Bypassers (yes vs. no) 0.808 (0.728, 0.896)

Distance to hospital 0.95 (0.929, 0.972) 0.94 (0.923, 0.957)

Urban vs. rural 0.876 (0.818, 0.937) 0.856 (0.803, 0.912)

Note:	 Results from the models are based on backward selections that removed pov-
erty. Distance to hospital is crow �ying distance. Bypassers are rural residents 
who went to urban hospitals for care. Place model: Urban vs. rural—urban 
residents vs. rural residents. Hospital model: Urban vs. rural—urban hospitals 
vs. rural hospitals.
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the same directional effects of the logistic regression, and in this case, diabetes became signi�cant 
for both survival models. Those with COPD, diabetes, renal disease, cerebrovascular disease, and 
cancer had much less survival time with an HR signi�cantly greater than 1. Likewise, having hyper-
tension had a protective effect for survival time.

After controlling for age and comorbidity effects, geographic access measures exerted a signi�-
cant effect. Those who bypassed rural hospitals had a better survival prognosis. The HR for rural 
bypassers was 0.855 (95% CI 0.802–0.912). However, the distance effect was reversed; the greater 
the distance, the longer the survival days. Controlling for these access measures, among others, 
we found that rehabilitation signi�cantly increased survival time (HR 0.25, 95% CI 0.229–0.273). 
In addition, the rural–urban effect was still signi�cant. Urban patients had a longer survival time, 
although the effect for the place of residence model (HR 0.876, 95% CI 0.818–0.937) was not as 
strong as that for the place of care model (HR 0.856, 95% CI 0.803–0.912).

It should be noted that one consistent �nding from the readmission and 1-year mortality and 
survival models was that poverty levels were not signi�cant. This result was inconsistent with �nd-
ings from Chapters 8 and 10. Since both chapters used the �rst two diagnoses to de�ne AMI, we 
also ran the three models above using this de�nition. In general, neighborhood poverty was not 
a signi�cant predictor. The only difference was the contrast between poverty level 5 (>20%) and 
poverty level 1 (<5%), with the odds ratio of 1.832 (95% CI 1.201– 2.794). We therefore concluded 
that neighborhood poverty level, by and large, was not a signi�cant risk factor when other clinical 
risk factors were included.

17.4  CONCLUDING REMARKS

This is a data-driven study based on integrated hospital discharge data that were linked to (1) 
community-based vital records, (2) outpatient records typically not included in hospital discharge 
data, (3) neighborhood poverty information, and (4) hospital and patient locations. In the published 
literature, linking one of those dimensions is not common, let alone linking all of them statewide. 
In an integrated public health data system, such a task is not dif�cult.

One seemingly inconsistent �nding is that rural patients or those treated at rural hospitals were 
less likely to have 30-day all-cause readmission, yet they were more likely to die within a year of 
discharge. A lower readmission rate suggested better quality of care, while a higher 1-year mortality 
rate suggested a lower quality of care. However, we do not know to what degree all other conditions 
are equal. For instance, we cannot control for disease severity and complications. On the other hand, 
indicators such as bypassing and rehabilitation status suggested higher readmission rates could be 
generously related to lower 1-year mortality in the context of rural–urban health disparities. Instead 
of being data driven, an in-depth study should be driven by a substantive issue, such as why rural 
patients had a lower readmission rate.

We found that SES was no longer signi�cant when clinical risk factors were introduced. In the 
surveillance chapters (Chapters 8 through 11), neighborhood SES is the most consistent risk factor, 
where poorer neighborhoods were associated with worse outcomes in terms of incidence, readmis-
sion, 1-year mortality, and so forth. While we believe that incidence results would still stand because 
no other control variables could be included, the results from readmission and 1-year mortality all 
became nonsigni�cant. While these results need to be con�rmed with more elaborate study designs 
to tease out overlapping effects between poverty and comorbidity and rehabilitation, they do sug-
gest a strong and direct pathophysiological association between AMI and comorbidity (Kapur and 
Palma, 2007). Once a patient was admitted into a hospital, clinical variables, such as comorbidities 
or rehabilitation, became more salient, and the neighborhood poverty status consistently dropped 
out in various models when it competed with clinical variables for predictive power.

Comorbidities were important risk factors for mortality, but they played limited roles in 
readmission. Previous history of COPD increased mortality but it had little effect on readmis-
sion. Renal disease, cerebrovascular disease, diabetes, and cancer were all strong predictors of 
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mortality and survival. Only renal disease increased readmission. Interestingly, we found a nega-
tive association between hypertension and AMI mortality and survival. Although the literature 
is inconclusive, hypertension is generally either inconsequential (Ali et al., 2004) or a risk factor 
for AMI patient survival (Hansen et al., 2007). It seems that more information about hypertensive 
patients is needed, as we do not know their behavior risk factors, and we did not distinguish types 
of hypertension.

Both mortality and survival outcomes suggest that rural AMI patients received a lower quality 
of care. If all rural AMI patients ended up in rural hospitals, while all urban AMI patients ended 
up in urban hospitals, the disparity in survival would be much larger, because bypassers had bet-
ter outcomes. The rural de�cit in survival is expected; as the rural physicians are trained to treat 
a wider range of medical conditions, they tend to take a more general approach in their practice 
pattern than the urban physicians. In addition, the lack of cardiologists and emergency services in 
rural areas forces generalists to care for AMI patients. If the patients could not obtain timely care 
from specialists, they would seek care from generalists, who might not order the necessary tests or 
cardiology referrals. Furthermore, cardiac rehabilitation was associated with reduced mortality, a 
�nding that has previously not been reported at the population level, and rural patients were more 
likely to participate in cardiac rehabilitation than urban patients. Finally, the care received in the 
prehospital settings in rural areas may not be adequate, because long-distance EMS transport and 
most ambulance systems in rural Nebraska are staffed by volunteers who are unable to provide 
advanced cardiac life support interventions compared to the facilities in urban areas.

However, we are puzzled by distance effects. Previous studies using rural and urban as indicator 
variables implicitly suggest travel distance is a barrier for timely care, as it may delay some critical 
treatment options within the golden hour. The current study showed that greater distance increased 
the odds of 1-year mortality, but it was positively associated with survival time. This inconsistency 
may help to generate hypotheses for future studies. For instance, if we plot neighborhood income 
according to distance to major hospitals, we may �nd that most hospitals are in the inner city areas 
near low-income neighborhoods. We could hypothesize that distance effects in inner city areas may 
behave like a donut hole, harmful within a short distance, protective in moderate distance, and haz-
ardous again in long distance. However, this hypothesis may not hold in recent few years, as new 
hospitals have been built in suburban areas far from the central city.

There are several limitations to this study. First, we did not include in-hospital procedures that 
tend to predict survivals. Second, we did not account for case severity between the rural and urban 
patients, because hospital discharge data do not contain this information. Third, comorbidity infor-
mation was simply derived from diagnosis codes, which could have some variation among patients 
and hospitals. In the detailed discharge data �le, each diagnosis variable is accompanied by “present 
on admission,” which indicates if the diagnosis is clinically determined or through other methods. 
This variable should be included in the study design in the substantive issue drive study. Fourth, we 
had no direct information on some of the important risk factors, such as smoking status, physical 
activity status, and body mass index. Fifth, outpatient cardiac rehabilitation may not cover all of the 
cardiac rehabilitation. Sixth, both rural hospital bypassing and distance-to-hospital measures could 
be improved by using a real-world road network.
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18 Disparities in Motor 
Vehicle Crash Injuries
From Race to Neighborhood

18.1  INTRODUCTION

In the United States, injuries are the leading cause of death among persons ages 1–44 (CDC, 
2012a). In 2010, 180,811 lives were lost due to unintentional injuries, 2,855,000 persons were 
admitted into hospitals because of injuries, and 29,757,000 persons were treated at emergency 
rooms for nonfatal injuries (CDC, 2010). Among all causes of injuries, motor vehicle crashes 
(MVCs) lead to the greatest number of deaths (CDC, 2012b). By themselves, MVCs were the 
leading cause of death in the 8–24 age group (National Highway Traf�c Safety Administration 
[NHTSA], 2012a). In 2009, about 10.8 million MVCs were recorded across the country (U.S. 
Census Bureau, 2012a), claiming 33,883 lives and corresponding to a fatality rate of 1.15 deaths 
per 100 million vehicle miles traveled (NHTSA, 2012b). In the same year, it was estimated that 
2.21 million people were injured in MVCs, which translated into 74 injuries per 100  million 
vehicle miles traveled (NHTSA, 2010). Although members of racial and ethnic minority groups 
are less likely to own vehicles (Baker et al., 1998), they are more likely than Whites to be involved 
in an MVC (Harper et al., 2000). However, previous studies on racial disparities in MVCs have 
focused on fatalities because of the wide availability of the Fatality Analysis Reporting System 
(FARS). Since FARS does not include information on nonfatal crashes (Briggs et al., 2005), and 
cohort data are costly and mostly from other countries (Whitlock et al., 2003; Hasselberg et al., 
2005), the literature is skewed toward crash fatality disparities (Braver, 2003; Campos-Outcalt 
et  al., 2003). Even with the availability of FARS, some popular statistics reports, such as the 
annual statistic abstract from the Census Bureau, do not include race in MVC statistics.

In Nebraska, Whites accounted for 91.6% of MVC fatalities (NHTSA, 2012c), compared to 
88.5% of the White population (U.S. Census Bureau, 2011a), suggesting that Whites were slightly 
overrepresented in MVC fatalities compared to non-Whites. In addition, Whites in Nebraska had 
greater fatal crash incidences than the U.S. average: 12.1 per 100,000 in Nebraska versus 9.5 in 
the United States. These numbers could be explained by the fact that Whites disproportionately 
reside in rural areas in Nebraska and rural crashes are more likely to be fatal (NHTSA, 2008). 
The overrepresentation of MVC risk factors among Blacks and slight underrepresentation of fatal 
crash injury suggest that there might be overrepresentation of racial minorities in nonfatal injuries. 
However, current MVC injury reporting mechanisms from both police crash reports and medi-
cal records provide very limited information on race. As a result, it is very dif�cult to assess the 
racial pro�le of MVC injuries without conducting longitudinal transportation or travel surveys. The 
efforts of traf�c safety advocates to develop prevention strategies for the minority population have 
therefore been hampered by the lack of race-speci�c characteristics.

One way to reduce nonfatal injuries is to reduce racial disparity in MVCs, because many MVC 
risk factors, such as safety awareness, blood alcohol content (BAC), driving skills and experiences, 
vehicle conditions, and safety features, are less favorable to African Americans (Briggs et al., 
2005). For example, African American drivers are more likely than drivers of other races to drive 
under the in�uence of alcohol (Braver, 2003; Roudsari et al., 2009), and they are less likely to use 
seat belts (Vivoda et al., 2004) or drive a vehicle with more recent and effective safety features 
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(Cooper et al., 2010; Ryb et al., 2009). It is therefore reasonable to assume that African Americans 
are more likely to have nonfatal MVC injuries. By focusing on MVC injuries rather than fatalities, 
the sample size tends to be large enough for assessing race-speci�c characteristics, such as the 
place of residence.

In 2006, NHTSA conducted a study on fatal MVC disparity, and it called for further study of 
nonfatal MVC injuries by race and ethnicity (NHTSA, 2006). In collaboration with the Nebraska 
Of�ce of Highway Safety, the Division of Public Health at the Nebraska Department of Health and 
Human Services piloted an MVC disparity surveillance project using crash and driver’s license data 
from 2006 to 2010 that include race. The project was based on the Crash Outcome Data Evaluation 
System (CODES), which routinely links information from crash reports to driver’s license, hospital, 
and death data. CODES was a program initially facilitated by NHTSA as a component of its state 
data program. CODES uniquely uses probabilistic methodology to link crash records to injury 
outcome records collected at the scene, en route by emergency medical services (EMS), by hospital 
personnel after arrival at the emergency department or admission as an inpatient, and at the time of 
death, if applicable, on the death certi�cate.

The �rst phase of this project was to conduct population-based surveillance for the injured driv-
ers (Zhang and Lin, 2013). During the �rst phase, we extracted crash injury severity from police 
reports, commonly known as the KABCO scale (K = fatal injury, A = disabling injury, B = vis-
ible injury, C = possible injury, O = no injury, property damage only) (GHSA, 2012). However, the 
accuracy of police-reported injury severity has been long debated. Previous studies have suggested 
using injury severity derived from medical diagnosis from hospital records as a more accurate and 
reliable measure of injury severity (Farmer, 2003; McDonald et al., 2009). Therefore, in the second 
phase of the project, we analyzed drivers’ records that were found in the hospital discharge data 
during the study period. Since race may interact with other socioeconomic status (SES) variables, 
we geocoded injured drivers by their residential locations and used census tract population by race 
and the number of vehicles as exposure to conduct further surveillance along the SES dimension 
in phase III. This chapter summarizes the three phases of the project and demonstrates (1) use of 
linked driver’s license information for MVC injury disparity surveillance, (2) use of hospital-based 
MVC injury information, and (3) use of geocoded data from injured drivers.

18.2 � PHASE I PROJECT: MVC DISPARITY BASED ON POLICE-REPORTED 
INJURY SEVERITY

18.2.1 M EThoDS

Phase I study was based on injured MVC drivers and licensed drivers in Nebraska. Previous 
research on nonfatal MVC injuries has used driver’s license information to determine residence 
location (Blatt and Furman, 1998) and SES (Whitlock et al., 2003), but not to identify race. We used 
information from crash reports to determine injury severity and from driver’s licenses to determine 
race and other demographic information for all licensed drivers in Nebraska. Since the data �eld 
of driver’s license number is available from both the crash reports and driver’s license data, it was 
used as the primary key to link the two datasets. The driver’s race and other demographic informa-
tion were added to injury information recorded by the police. With the linked data, we were able to 
conduct MVC injury disparity surveillance for Nebraskan drivers.

18.2.1.1  At-Risk Population
We generated the at-risk population from the Nebraska driver’s license data, collected by the 
Nebraska Department of Motor Vehicles. Demographic �elds in this dataset include date of birth, 
sex, race, residence address, and driver’s license number. Unfortunately, information on ethnic-
ity was not available. We extracted from the driver’s license database for all type of drivers with 
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an age range between 15 and 85. Non-Nebraska drivers’ records (drivers who hold a license from 
other states, but not Nebraska) and records with an unknown license type were excluded. Note 
that although non-Nebraska drivers account for a small percentage of the driver’s license database 
(3.2%), they account for 11.3% of minor to fatal MVC injuries in Nebraska (NE-CODES, 2006). 
The �nal dataset had an average of 1,518,908 records each year between 2006 and 2010.

18.2.1.2  MVC Incidence Exclusion Criteria
Passengers were excluded, as their race information, together with their at-risk populations, was 
not available. No-injury records (injury severity recorded as “none” or blank) from crash data were 
excluded. Also excluded were fatal injuries, because they were not the focus of this study.

18.2.1.3  MVC Incidence Inclusion Criteria
Injured drivers’ records in crash reports were extracted for those age 15–85. Injury categories 
included were severe (“disabling” in crash reports) injury and nonsevere (“visible” or “possible” in 
crash reports) injury. The �nal dataset contained 59,356 eligible records for the 5-year period (or 
11,871 records each year, on average). Among them, 50,436, or 84.97%, of the records were success-
fully linked to the driver’s license database by driver’s license numbers.

We extracted MVC records for age, sex, place of injury, and injury severity and added race 
information through driver’s license records. Injury rates were calculated for drivers injured in 
crashes per licensed driver by race. Due to small numbers, racial groups other than Black and 
White were grouped as “other races,” and they include Asian and Paci�c Islander, American 
Indian and Alaska Native, and all other races in the license database. To establish baseline rates 
and expected trends by race, we �rst graphically examined incidence rates for severe or nonse-
vere injuries by year. This approach was identical to the one used to identify disparities in MVCs 
among young drivers in North Carolina (Imai and Mans�eld, 2008). In addition, we statistically 
evaluated three demographic variables (age, sex, and race) and place of residence, all of which 
were available from the driver’s license database. Place of residence was de�ned as urban or rural 
according to the U.S. Census Bureau’s (2011b) designation, where “urban area refers generally to 
urbanized areas of 50,000 or more population and urban clusters of at least 2,500 and less than 
50,000 population.”

We used Poisson regression and set up a series of four-way log-rate models. A general main effect 
log-rate model can be expressed as

 Log Age Sex Race PlaceM C DLHijkl
ASRP

ijkl i j k l( ) = + ( ) + + + +log 	 (18.1)

where, on the left-hand side of Equation 18.1, M refers to the number of MVCs. The superscript 
ASRP indexes age, sex, race, and place, while the subscript indexes their respective categories for 
age group i, sex j, race group k, and place group l. On the right-hand side, C is the grand mean or the 
intercept, and log(LDijkl) is the offset of the number of driver’s license holders (i.e., at-risk popula-
tion) in the corresponding cell indexed by ijkl in the four-way table.

For the severe injury model, we modeled the expected rate of severe MVC injuries by age, sex, 
race, and place of residence, with corresponding counts of licensed drivers indexed by ijkl as the 
offset. The nonsevere injury model is identical to the severe injury model, except that the dependent 
variable becomes the expected nonsevere injury rate. Just as in a linear regression model, two-, 
three-, and four-way interactions can be added. When all interactions are added, the model becomes 
saturated, with no degrees of freedom, and the model fully captures the expected rate indexed by 
ijkl. In our analysis, only statistically signi�cant interaction terms were included in the �nal models 
of severe and nonsevere MVC injuries. Up to this point, we have only used three-way tables. Here, 
we expand to a four-way table.
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18.2.2  RESULTS

Let’s �rst compare the demographic characteristics of Nebraska licensed drivers with a those of 
a comparable age-speci�c population in Nebraska from the American Community Survey (ACS) 
2006–2010 (U.S. Census Bureau, 2012b). We restricted the ACS to the same age range and found that 
race distributions between the ACS and licensed driver populations were comparable (see Table 2.3 
for those age 19+). About 4.3% of Black licensed drivers corresponded to 4.1% of the single-race 
Blacks in the ACS. The licensed driver population included about 87.9% Whites, slightly less than 
the 89.7% of single-race Whites in the ACS. The above numbers suggest that it is reasonable to use 
licensed drivers as an at-risk population for MVC injury surveillance.

From the ACS, we also found that Whites in Nebraska were much more likely than Blacks and 
those of other races to own cars or trucks. Among 647,158 White heads of household, 4.68% were 
without a car or truck; among 29,773 Black heads of household, 17.98% were without a car or truck; 
and among 34,838 other race (not Black or White) heads of household, 9.22% were without a car or 
truck. The average number of cars among White, Black, and other heads of household were 1.96, 
1.37, and 1.72, respectively. These results suggest that if we could adjust the number of vehicles 
owned by a driver’s household, we would be able to further adjust Black drivers downward as the 
at-risk population.

From 2006 to 2010, there were 5137 Nebraskan drivers severely injured in MVCs: 87% were 
White, 6% were Black, and 7% were other races. There were a total of 45,297 Nebraskan driv-
ers receiving nonsevere MVC injuries over the 5 years. Among those, 38,020 were White, 3,492 
were Black, and 3,785 were of other races. For every severely injured driver, there were more than 
8 nonseverely injured drivers for Whites and more than 10 for non-Whites. Black drivers had the 
highest nonsevere injury incidence throughout the study period, but the difference of nonsevere 
injury incidence rate between Black and White drivers was much larger than that of severe injury 
incidence rate. On average, the nonsevere injury incidence rate was 87% higher for Black drivers 
than for White drivers.

Since racial differences in severe and nonsevere injuries might be explained by age and sex dis-
tribution, we pooled the 5-year injury data to examine interactions using a two-way tabulation and 
modeled them using a four-way tabulation (age, sex, race, and residence) for severe and nonsevere 
injuries.

The results for the two-way tabulation (Table 18.1) showed that Black drivers had higher severe 
and nonsevere injuries throughout almost all comparisons. The differences of severe injury rates 
between Black drivers and their two other counterparts were much more noteworthy for female (95 
compared to 57 for Whites and 59 for other races) and urban (92 compared to 57 for Whites and 53 
for other races). For the nonseverely injured, the rate differences were much wider for age groups 
15–24 and 25–44, female (1329 vs. 658 for Whites and 812 for other races), and urban (1100 vs. 661 
for Whites and 698 for other races) drivers. It is also worth noting that for both severe and nonsevere 
injuries, injury rates generally decline with the increase of age, and the decline for the nonseverely 
injured was much steeper for Whites than for the other two racial categories. In addition, female 
drivers had higher nonsevere injury rates than male drivers regardless of race; while for severe 
injuries, that was only true for Black female drivers and not for the other two racial groups. Higher 
nonsevere injury rates are found in urban areas; however, for severe injuries, the rate contrast was 
opposite among White drivers and drivers of other races. Since some of the rates were close, and 
some may interact with others, we further described them using the four-way log-rate model.

The results for the severe injury model showed that all the main effects were signi�cant 
(Table 18.2, �rst two columns). All age groups younger than 65 years were more likely than driv-
ers 65 years and older to have a severe MVC injury. Females were less likely than males to have a 
severe MVC injury. Black drivers were more likely than White drivers to have a severe MVC injury, 
while drivers of other races were less likely than White drivers to have a severe MVC injury. Rural 
residents were much more likely than urban residents to have a severe MVC injury. Besides these 
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TABLE 18.1
Annualized MVC Injury Rates and Incidences by Age, Sex, Place of Residence, and Race

  Severe Injury Rate Nonsevere Injury Rate No. of Licensed 
Drivers  White Black Other White Black Other

Age Group
15–24 133 146 122 1,207 1,726 1,135 194,930

25–44 66 88 49 595 1,102 559 564,380

45–64 57 80 52 458 838 513 520,723

65+ 43 50 36 290 531 400 238,875

Sex
Female 57 95 59 658 1,329 812 725,336

Male 77 88 63 487 860 513 793,572

Place of Residence
Rural 77 80 72 481 662 550 732,684

Urban 57 92 53 661 1,100 698 786,224

No. of injured drivers 895 60 73 7,604 698 757

No. of licensed drivers 1,334,391 65,528 118,989 1,334,391 65,528 118,989 1,518,908

TABLE 18.2
Log-Rate Model Point Estimates on Severe and Nonsevere MVC Injuries

OR 95% CI OR 95% CI 

Age Group (reference = 65+)
15–24 3.18 2.87–3.52 4.05 3.89–4.21

25–44 1.6 1.45–1.77 1.97 1.9–2.04

45–64 1.36 1.23–1.51 1.54 1.48–1.6

Sex (reference = Male)
Female 0.74 0.7–0.78 1.35 1.32–1.38

Race (reference = White)
Black 1.33 1.12–1.57 1.62 1.53–1.71

Other race 0.76 0.66–0.88 1.09 1–1.18

Place of Residence (reference = Urban)
Rural 1.38 1.31–1.46 0.76 0.74–0.77

Interaction Terms
Black female 1.41 1.11–1.79 1.11 1.03–1.19

Other race female 1.24 1–1.54 1.13 1.06–1.21

Rural Black 0.56 0.35–0.88 0.76 0.65–0.89

Black age 15–24 0.78 0.72–0.84

Other race age 25–44 0.8 0.73–0.88

Other race age 45–64 0.82 0.75–0.89

Note:	 Only signi�cant interactions were reported.
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main effects, three interaction terms were also signi�cant. All else being equal, the interaction term 
between race and sex showed that female Black drivers were signi�cantly more likely (41% higher 
odds) to have a severe injury, given that Black drivers were already worse off. While the main effects 
for both female and other race categories showed reduced likelihoods of severe injuries, females in 
the other race group were 1.24 times more likely than their respective main effects to have a severe 
MVC injury. For instance, although the main effect for the other race category had 0.76× reduced 
odds of MVC injuries compared to Whites, if they were females, the odds were increased to 0.94 
(0.76*1.24). As for the interaction between race and place of residence, rural Black drivers only had 
about half of the odds (odds ratio [OR] of 0.56) to have a severe MVC injury, all else being equal. 
Although the tabulation result in Table 18.1 only showed a small rural–urban difference, when risk 
factors such as age and race were controlled, the observed higher crude rate by residence was much 
weaker than it appeared. Again, given that rural areas had greater odds of severe MVC injuries 
(1.38), the odds for Black drivers were reduced to 0.77 (1.38*0.56). This result also suggests that 
the greater likelihood of severe injuries among Black drivers was mainly contributed by MVCs in 
urban areas.

The results for the nonsevere injury model (Table 18.2, last two columns) were quite different 
from those for the severe injury model. While the age effects were similar, female drivers were 
more likely than male drivers to have nonsevere MVC injuries. Black drivers remained more likely 
than White drivers to have nonsevere MVC injuries, and other race drivers became more likely than 
Whites to have nonsevere MVC injuries. As expected, rural areas were less likely to observe non-
severe MVC injuries than urban areas. Among signi�cant interaction effects, female Black drivers 
and female drivers of other races had a greater likelihood of nonsevere MVC injuries, while rural 
Black drivers were less likely to have nonsevere MVC injuries. If the driver was Black and aged 
15–24 years, or was of other races and aged 25–64 years, his or her corresponding age-speci�c 
effects were reduced by about 20%.

18.2.3 D ISCUSSIoN

The driver sample has a number of advantages in MVC studies. First, the racial pro�le of licensed 
drivers is fairly consistent with the general racial pro�le for the comparable population segment by 
age. Thus, crash drivers and licensed drivers together are helpful to delineate racial disparities for 
nonfatal MVC injuries. Even though we showed that Blacks are less likely to have access to vehi-
cles, it is dif�cult to adjust for race-speci�c car ownership and miles driven at the state level. Using 
licensed drivers for the at-risk population, we found that Black drivers had the highest severe and 
nonsevere injuries per 100,000 licensed drivers. Compared to White drivers, we found that Black 
drivers had 31.6% and 87% more severe and nonsevere injuries, respectively. These �ndings persist 
when controlling for age, sex, and place of residence, but they are not consistent with those reported 
from fatal crash reports in Nebraska. Our interpretations are that fatal crash reports normally use 
census population, instead of drivers’ population, as the denominator, which might overlook two 
facts: (1) Whites dominate the rural population in Nebraska, where risks of fatal crashes are much 
higher than in urban areas, and (2) fatal crashes include both in-state and out-of-state drivers and 
passengers, while our study includes only drivers.

Second, focusing on drivers could directly lead to MVC injury prevention programs (Whitlock 
et al., 2003), but an intervention design should balance between statistical signi�cance and popu-
lation impact. Although Black drivers in this study had a greater likelihood of severe and nonse-
vere injuries, we would not recommend targeting them for prevention programs in rural areas in 
Nebraska, because their exposure there is low. However, we would recommend that prevention 
programs target female Black drivers, as they are more likely to be injured. At the program level, 
an intervention design includes factors such as driving behavior, car conditioning (Ryb et al., 2009), 
and awareness of neighborhood road conditions (Durkin et al., 1994; Abdalla et al., 1997), together 
with demographic and residence factors.
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A third advantage of the driver sample is that it provides a rarely tapped administrative data 
source for MVC disparity surveillance. Age- and race-speci�c MVC and driver’s license data, as 
shown in this report, provide rich information for modeling injury disparity that may lead to race-
speci�c interventions for drivers. Reducing racial disparities in MVCs will reduce both fatal and 
nonfatal MVC injuries. Even though driver’s license data may not be available for public health 
agencies, crash reports, together with the database, should be available from the state highway 
safety department, which can conduct similar surveillance in-house, in collaboration with a public 
health agency, as implemented in the current study.

Although we emphasized racial disparities, rural–urban disparity in severe MVC injuries should 
also be underscored. We found that drivers living in rural counties were more likely than their urban 
counterparts to have a severe injury crash, which is consistent with our knowledge about fatal MVC 
injuries by location. Previous studies have found that rural residents have more frequent ambulance 
transfers from a secondary to a tertiary hospital than urban residents, that EMS responders in rural 
areas are more likely than those in urban areas to be volunteer than paid, and that the EMS scene-
to-facility distance is greater in rural areas than in urban areas (Grossman et al., 1997; Mueller, 
1999). The large number of severe injuries puts added stress not only on rural residents in seeking 
quality and timely care, but also on the injury care system in rural areas (Blatt and Furman, 1998; 
Probst et al., 2007).

The phase I project has several limitations. First, MVCs incurred by non-Nebraska drivers on 
Nebraska roads were excluded. Second, the injury incidence rates by race might be slightly under-
estimated, because drivers who moved out of state permanently may not have changed their driver’s 
license according to state law (i.e., within 30 days of moving to a permanent residence in another 
state). Third, the �ndings can only be applied to drivers. In addition, pedestrian injuries may also 
have disparities (Chakravarthy et al., 2010). Fourth, there are limited variable �elds in the driver’s 
license dataset that can be used for MVC data analysis. Finally, although police-assigned injury 
severity or KABCO is commonly used, the KABCO injury scale may not effectively capture clini-
cally based injury severity, such as the Maximum Abbreviated Injury Scale (MAIS) (Farmer, 2003). 
For a more restricted sample that includes hospitalized patients who can be found in the police 
reports, future studies should use MAIS to assess racial disparities in nonfatal MVC injuries. We 
will deal with the last limitation in phase II of the project.

18.3  PHASE II PROJECT: USING MAIS FOR HOSPITAL-BASED SURVEILLANCE

18.3.1 M EThoD

The phase II project is based on the same at-risk population and incidence data as in phase I, with 
one more exclusion criterion: injured drivers who could not be found in the hospital discharge data 
between 2006 and 2010 were dropped. Note that the major methodological aim of the project is to 
add MAIS information to each injured driver. Since the MAIS information is only available for 
hospitalized patients, the sample has be further restricted. Hence, the data �ow is that we added race 
information to injured drivers through data linkage to driver’s license data, and we further linked 
race-enhanced data to the hospital discharge data to obtain MAIS information. The �rst linkage 
was based on driver’s license number, and it was a deterministic linkage. The second data link-
age was probabilistic (McGlincy, 2004) between hospital discharge data and the newly expanded 
crash data. Variables that were considered for linkage included personal and event information (e.g., 
date of birth, sex, event date, event location, and injury type), and match probabilities were calcu-
lated to determine whether two records from crash data and hospital discharge data described the 
same person and the same event. Consequently, we were able to attach hospitalization information 
that includes medical diagnoses in International Classi�cation of Diseases, Ninth Revision (ICD-9) 
codes. Among those records that indicate a transport to a hospital, the average linkage rate over the 
5-year study period was 80%. This part of data linkage was routine work by the CODES program, 
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and frequency tables were provided for the following analysis. After the probabilistic linkage in the 
CODES program, we have both police-reported injury scores (KABCO) and clinical-based MAIS.

The assessment of injury burden by race can then be carried out by either KABCO or MAIS. We 
used MAIS as the basis for this study, because it is based on ICD-9 (MacKenzie and Sacco, 1997) 
and is more re�ective of hospital-based health care services than KABCO (Compton, 2005). Due 
to the nature of probabilistic linkage with missing data in CODES, we obtained �ve imputed sets 
for the linkage between crash and hospital discharge data. Analysis was done by taking the average 
over the �ve imputed sets (Heeringsa et al., 2010). Among all the drivers in crash data, 22,825 out 
of 217,945 drivers, or 10.5%, were matched to hospital discharge data. Among those matched, 1,145 
were severely injured (MAIS of 3, 4, or 5) and 18,216 were nonseverely injured (MAIS of 1 or 2). 
When these numbers are used to calculate rates, they re�ect hospital-based injury burden without 
further mentioning.

The analysis followed the same descriptive and multivariate approaches. In addition, we report 
our multivariable results based on KABCO, so that results from the two injury severity scales can be 
assessed for their consistencies and inconsistencies. In the KABCO analysis, among those rated as 
severe or nonsevere injuries according to MAIS, there were 3,090 and 14,579 records in the severe 
(A) and nonsevere (B, C) injury categories, respectively; 1,692 records were excluded, as they were 
in neither category.

18.3.2  RESULTS

From 2006 to 2010, there were 1145 Nebraskan drivers severely injured in MVCs who were found 
in the Nebraska hospital discharge data. Among them, 89.6% were White, 4.9% were Black, and 
5.5% were other races, corresponding to crude rates of 77, 86, and 53 injured drivers per 100,000, 
respectively. Of the 18,216 nonseverely injured drivers, 81.1% were White, 10.7% were Black, and 
8.2% were other races, corresponding to crude rates of 1,107, 2,974, and 1,255 injured drivers per 
100,000, respectively. These crude rates suggest that Black drivers were 12% and 169% more likely 
than White drivers to be severely and nonseverely injured, respectively (Table 18.3).

Table  18.3 further shows that for both severe and nonsevere injuries, injury rates generally 
decline as age increases, with a few exceptions. In the workforce age groups (25–44 and 45–64 
years old), Black drivers had the highest severe injury rates among the three race groups. They also 
had the highest nonsevere injury rates across all age groups. The gaps between Black drivers and 
their two other counterparts were wider for the nonseverely injured than for the severely injured. 
While the severe injury rates among the three race groups were comparable for females, female 
Black drivers had a nonsevere injury rate that was almost triple those of the other two racial groups. 
In addition, male drivers had higher severe injury rates, while female drivers had higher nonsevere 
injury rates, regardless of race. Black drivers had higher severe and nonsevere injury rates in urban 
areas. However, the absolute rates pointed to different directions in rural areas. Part of the reason 
could be Whites dominate the rural population. The numbers of severe injuries among Blacks and 
other races were very small; therefore, injury rates were too unstable to be interpreted.

We further analyzed the results using the four-way log-rate model. The results for the severe 
injury model (Table 18.4, �rst two columns) showed that drivers younger than 25 years were more 
likely than drivers 65 years and older to have a severe MVC injury, while drivers aged 25–44 years 
were less likely to be found in the hospital discharge data among the severely injured. Females were 
less likely than males to have a severe MVC injury. Black drivers were more likely than White driv-
ers to have a severe MVC injury, while drivers of other races were less likely than White drivers to 
have a severe MVC injury. Rural residents were much more likely than urban residents to have a 
severe MVC injury. The only interaction term that was marginally signi�cant was rural Black driv-
ers. While the odds ratio was 0.11, the con�dence interval was too wide.

The results for the nonsevere injury model (Table 18.4, last two columns) were different in 
both main and interaction effects from those for the severe injury model. All three younger age 
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TABLE 18.3
Annual Severe and Nonsevere MVC Injury Rates by Race, Age, Sex, and Place 
of Residence

Severe Injury Rate per 
100,000 Licensed Drivers

Nonsevere Injury Rate per 
100,000 Licensed Drivers

No. of 
Licensed 
DriversWhite Black Other White Black Other

Age Group
15–24 5.50 4.03 4.02 104.35 205.52 96.09 194,930

25–44 2.49 3.77 1.82 45.14 128.46 42.74 564,380

45–64 2.71 2.96 1.58 33.23 81.28 38.66 520,723

65+ 3.25 2.12 1.80 22.10 47.02 31.30 238,875

Sex
Female 2.11 1.81 1.84 49.48 151.75 62.94 725,336

Male 3.99 4.68 2.33 39.44 92.75 40.98 793,572

Place of Residence
Rural 3.47 0 2.51 40.09 62.99 46.93 732,684

Urban 2.67 3.70 1.85 48.67 123.27 52.32 786,224

Summary rates 15.38 17.12 10.59 221.42 594.89 251.07

No. of licensed drivers 1,334,391 65,528 118,989 1,334,391 65,528 118,989 1,518,908

TABLE 18.4
Odds Ratios for MAIS-Based Severe and Nonsevere 
MVC Injuries

OR 95% CI OR 95% CI 

Age Group (reference = 65+)
15–24 1.73 1.43–2.09 4.61 4.34–4.9

25–44 0.82 0.69–0.98 1.99 1.88–2.12

45–64 0.85 0.71–1.01 1.5 1.41–1.59

Sex (reference = Male)
Female 0.53 0.47–0.6 1.25 1.21–1.29

Race (reference = White)
Black 1.35 1.02–1.79 1.88 1.72–2.05

Other race 0.68 0.52–0.87 1.1 0.97–1.25

Place of Residence (reference = Urban) 
Rural 1.28 1.13–1.44 0.86 0.83–0.89

Interaction Terms
Rural Black 0.11 0.01–1 0.55 0.43–0.69

Black age 25–44 1.34 1.22–1.47

Other race age 15–24 0.77 0.66–0.89

Other race age 25–44 0.8 0.7–0.92

Black female 1.25 1.13–1.37

Other race female 1.18 1.06–1.31
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groups (15–24, 25–44, and 45–64) were more likely to have nonsevere injuries than drivers 65 
years and older. Female drivers were more likely than male drivers to have nonsevere injuries. 
Black drivers were still at higher risks for nonsevere injuries than White drivers. Drivers in 
rural areas were less likely to have nonsevere injuries than urban areas. Among signi�cant inter-
action effects, rural Blacks remained signi�cant, but �ve additional interaction terms became 
signi�cant. If the driver was Black and aged 25–44 years, he or she was more likely to have a 
nonsevere injury. On the other hand, if the driver was of other races and aged 15–44 years, his or 
her corresponding age-speci�c effects would be reduced by about 20%, all else being equal. In 
addition, female Black drivers and female drivers of other races had greater chances of receiving 
nonsevere injuries.

Comparing the KABCO-based MVC injury �ndings in Table 18.2 to the MAIS-based results in 
Table 18.4, we found mostly consistent results. For nonsevere injury, the point estimates were quite 
similar between the two measurement approaches for almost all the effects. In addition, most inter-
action terms were different, except a consistent �nding for rural Blacks. Some inconsistencies were 
found among interaction terms. However, there was a major inconsistency for the severely injured 
model in terms of age main effects. The KABCO-based analysis found that the 25–44 age group 
was signi�cantly more likely to have a severe injury than those 65+ (Table 18.A1), while the MAIS-
based result was the opposite. We suspect that this inconsistency may due to different samples, a 
much larger sample for the KABCO-based than the MAIS-based result. For this reason, we ran an 
identical analysis with an identical sample to that in Table 18.4 by using the KABCO rather than 
MAIS score, and found the same inconsistency about the age group (25–44). The odds ratio for the 
KABCO-based effect was 1.49 (95% con�dence interval [CI] 1.29–1.65), in contrast to the MAIS-
based effect (OR 0.82, 95% CI 0.69–0.98), shown in Table 18.4. Other than those differences, the 
two injury schemes generate fairly consistent �ndings by either using different samples, as shown in 
Tables 12.4 and 18.2, or using identical samples.

Hospital-based MVC injury data by race have many potential applications, such as comorbid-
ity, length of stay, and hospital-related cost. For instance, hospital discharge data have a discharge 
status that includes discharge to home, which together with injury severity can be used to assess 
community-based informal injury care needs. Here, we chose cost to demonstrate the bene�t of 
linking to hospital discharge data. MVCs have tremendous costs for individuals and society, and 
reducing injury disparities has been a top policy agenda for many government agencies, such as 
CDC and NHTSA. Estimated fatal and nonfatal MVC injury costs in 2005 were $52 and $42 bil-
lion, respectively (Naumann et al., 2010). Even though major racial and ethnicity disparities have 
been reported, associated race-speci�c costs are rarely reported, and we attempted to show drivers’ 
insurance types and injury costs per driver’s license. We calculated insurance types and estimated 
costs by race according to a NHTSA-recommended method (Blincoe et al., 2002). We tabulated 
insurance types by race because the previous study by Svenson and Spurlock (2001) could only 
examine injury disparity by insurance types, as opposed to race. We calculated nonfatal injury cost 
because of the importance of conveying racial disparity in MVC injuries to policy makers and the 
general public. Our simple calculation shows that Blacks had the highest hospital charges per injury. 
For the severe injury category, Black drivers had medical care cost of about $116,059, while White 
drivers had an average of $60,717 in costs. The costs suggest that Blacks had more severe injury in 
the severe categories, as reported by others. For the nonsevere injury group, the cost for Black driv-
ers was less than that for White drivers ($3332 vs. $3962).

18.3.3 D ISCUSSIoN

In phase II of MVC surveillance, we further linked the race-enhanced MVC injury database to the 
hospital discharge data to construct the MAIS injury score and derive related costs. We found that 
Black drivers had the highest clinically de�ned severe and nonsevere injuries per 100,000 licensed 
drivers. Compared to White drivers, Black drivers were 11% and 168% more likely to be severely 
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and nonseverely injured, respectively. These �ndings persist when controlling for age, sex, and 
place of residence.

In addition to providing more accurate injury severity scores, crash and driver’s license data, 
in combination with hospital discharge data, provided many opportunities to further advance our 
knowledge base and obtain a closer estimate of MVC injury burden, in terms of injury severity 
and costs, among different subgroups of the population. From crash data alone, police-reported 
injury severity is the only source from which to estimate injury burden; however, police of�cers’ 
judgments are most often based on subjective observation and could be in�uenced by a variety of 
factors, such as occupants’ gender, lighting condition, and nature of injury (Popkin et al., 1991). By 
using MAIS, we were able to have not only a more reliable measure of injury severity from ICD-9 
codes, but also other information associated with hospital discharge data. With the linked database, 
we were also able to quantify disparities existing in insurance availability, where we found Black 
drivers were about twice as likely to be uninsured as drivers in other racial groups. A previous 
study showed that the uninsured were treated less than ideally when injured (Svenson and Spurlock, 
2001), and our linked database allows further analysis by both insurance and race.

A major limitation for the phase II study is the sample size. This sample represents only 10.5% 
of reported MVC injuries, and it can only be used to infer hospital-based MVC injury disparity 
for drivers. As a result, the statistic power may not be suf�cient to detect disparity, especially for 
the severely injured category. Since the KABCO-based injury surveillance is much quicker, as it 
does not require data linkage to hospital discharge data, one way to increase the statistical power 
is to borrow the strength from the results of the KABCO-based injury analysis A limitation shared 
by both phase I and II studies is the lack of SES variables. Since residence information can be 
as detailed as the census tract through geocoding, the next phase is to include census tract SES 
information.

18.4 � PHASE III PROJECT: GEOREFERENCING MAIS-BASED INJURY EVENT 
TO CENSUS TRACT FOR SES ANALYSIS

18.4.1 M EThoD

In the above assessments, we could not include any SES variables. Neither police-reported data 
nor hospital discharge data have income-related variables. However, since hospital discharge data 
have been geocoded and used for poverty-related analyses (see Chapters 8 through 11), we could 
simply reversely add the census tract poverty variable in the internally indexed hospital discharge 
data back to the MAIS-based injury data. Normally, people link hospital data to obtain hospital dis-
charge–related information, such as length of stay, E-code, and total charge, and the MAIS. All of 
the information could be directly derived from the hospital discharge data. Geocoded information 
was not on the traditional hospital discharge data, but on the enhanced version, and we can retrieve 
it in a similar manner. After adding the poverty variable, we have enhanced MVC injury data (1) 
from no race to including race (via driver’s license linkage), (2) from no clinical-based injury score 
to including MAIS (via hospital discharge linkage), and (3) from no census tract variable to includ-
ing poverty data from linking the indexed and geocoded hospital discharge data back to the MAIS-
based injury data.

When using licensed drivers as the at-risk population, it was a perfect match to the injured driv-
ers of in-state residents. However, we could not use them anymore, as each driver’s license does not 
have a census tract code to which we could attach poverty or other SES information. For this reason, 
we used those in the 15–84 age group from the 2010 census of population for Nebraska as the at-
risk population. We extracted the decennial census by race at the census tract level and attached the 
poverty levels of ACS 2006–2010 to each census tract. The three race categories were White alone, 
Black alone, and all others. We adopted this scheme because almost all the surveillance practices by 
race within the state of Nebraska use the single races of White, Black, American Indian, and Asian.
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However, not all individuals within each census tract can drive, even though we restrict the age to 
15–84. In addition, residents in poor neighborhoods were slightly less likely to own a car and drive 
to work. Both car ownership and driving to work status could be used as adjustment factors. Since 
household may not be compatible to the individual approach used for injured drivers, we used the 
percentage of age 16 and over who drive or carpool to work as an adjustment factor. In particular, 
we used the percentage to weight the selected census tract population; if 100% of people within a 
census tract drive to work, then the total selected population was used. If 50% of people drive to 
work, then the at-risk population would be 50% of the census tract population. In the preliminary 
analysis of crude injury rates (Table 18.A2), we found that using the adjusted at-risk population is 
more reasonable, although both adjusted and unadjusted population produced an SES gradient for 
MVC injury rates.

We ran a log-rate model similar to those in phases I and II by (1) dropping rural–urban status and 
(2) adding poverty level. If we kept rural–urban status in the multiway contingency table analysis, 
we would face the small-cell issue, causing less robust estimates.

18.4.2  RESULTS

For the severe injury model (Table 18.5, �rst two columns), there was no signi�cant interaction 
term. Age, sex, and racial effects from this model were mostly consistent with the model estimates 

TABLE 18.5
Race and SES Effects of Severe and Nonsevere MVC Injuries

Severe Injury Nonsevere Injury

Age Group (reference = 65+)
15–24 1.090 0.902–1.317 3.037 2.860–3.225

25–44 0.787 0.658–0.941 2.199 2.075–2.331

45–64 0.778 0.652–0.929 1.463 1.378–1.555

Sex (reference = Male)
Female 0.488 0.431–0.552 1.195 1.161–1.231

Race (reference = White)
Black 1.49 1.123–1.979 2.108 1.785–2.489

Other race 0.801 0.618–1.038 0.901 0.773–1.051

Poverty Level (reference = <5%)

5% ≤ poverty < 10% 1.582 1.335–1.876 1.238 1.184–1.295

10% ≤ poverty < 15% 1.457 1.216–1.746 1.286 1.226–1.348

15% ≤ poverty < 20% 1.267 1.013–1.586 0.853 0.799–0.911

Poverty > 20% 1.48 1.194–1.834 1.569 1.484–1.657

Interaction Terms
Black*pvt3 1.587 1.279–1.969

Black*pvt4 1.242 1.036–1.488

Other race*pvt4 1.435 1.162–1.774

Note:	 Injury severity was determined by the MAIS scheme. Poverty is based on 
the percentage of people below the federal poverty line in the ACS 2006–
2010. Log-rate model estimates are based on 2010 census of the 
population.
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when drivers were used as the at-risk population in Table 18.4. After controlling for these demo-
graphic factors, we found that poverty was a signi�cant risk factor associated with severe MVC 
injury. Comparing with the least poor neighborhoods, drivers from the other four levels of neighbor-
hoods were between 27% and 48% more likely to have an MVC injury. One can also look at poverty 
as a control factor when examining racial disparity. Without the poverty control, Black drivers were 
57% more likely than White drivers to have a severe injury; with the poverty control, the percentage 
was reduced to 49, so it is a modest reduction.

The results from the nonsevere injury model (Table  18.5, last two columns) were also fairly 
consistent with those from the severe injury model. Drivers from poorer neighborhoods in most 
parts were associated with a 24%–57% increase in nonsevere injury. The only exception was the 
15%–20% poverty neighborhood category, which had a 15% reduction compared to the neighbor-
hood with <5% of the people under the poverty line. In addition, three race and poverty interaction 
terms were signi�cant. Focusing on the 15%–20% poverty neighborhood category, we found that 
both Black and other race drivers were associated with increased risk of nonsevere injuries. This 
implies that White drivers from this neighborhood group contributed most to the reduced risk of 
nonsevere injuries.

Even though MVC is spatial in nature, the spatial aspect of disparity is rarely reported in the lit-
erature. We want to point out that there is a lot that can be done with MVC data. For instance, crash 
locations are routinely collected and geocoded by the Highway Safety Department, and there has 
been some use of such data. The use of accident location without connecting the driver’s residential 
location makes it hard to study spatial aspects of disparities. Since some of the drivers’ data can be 
linked to hospital data, and hospital data have been geocoded, we can then reversely provide injured 
drivers’ census tract location without getting into geocoding.

Figure 18.1 displays all local highway traf�c crash locations for 2006 overlaid with major roads 
(blue), other roads (brown), and 10 median family income categories in quantiles in Douglas County, 
where the city of Omaha is located. The map had all accidents, not just those that were matched with 
hospital records. It shows that most off-highway crashes in the county were concentrated in low-
income neighborhoods. One could argue that most poor neighborhoods are located in the central 
city, near downtown, and people from all over the city tend to have an MVC injury there. While 
there is some truth in that, drivers from both ends of income categories tend to crash locally.

Table  18.6 cross-tabulates accidental locations and residential locations of injured drivers 
georeferenced at the census tract level. Note that the sample in this table is MAIS based, as we 
only had those linked to hospital records. The numbers are in row percent, so that we can read 
the distribution of MVC events from resident location in the row to accident location in the 
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FIGURE 18.1  (See color insert) Nonhighway traf�c crashes and median family incomes by census tracts 
in Douglas County, Nebraska.
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column. First, if all MVCs happened locally within each poverty neighborhood category, we 
would not see any off-diagonals being populated with numbers. In fact, only one diagonal has 
more than 50% of the events—from poverty group 5 (>20%) to poverty group 5 (60.23%), and 
the next closest to it is 39.65%, from poverty group 1 (<5%) to poverty group 1. Hence, not all 
MVCs happened locally in terms of staying in their own neighborhood categories. Interventions 
then should also focus on two ends of poverty categories by introducing age and other factors 
that will not be discussed here.

18.4.3 D ISCUSSIoN

In this phase of the MVC surveillance project, we have gone to an uncharted SES and spatial 
surveillance for MVC injuries, where many perspectives could be taken that include explicit and 
nonexplicit spatial components. Following the traditional multivariate approach, we introduced 
both race and poverty variables. We found that both race and poverty followed some gradients, 
in which Black drivers and drivers from poor neighborhoods were between 25% and 60% more 
likely to have an MVC injury than the comparison groups. Although there are some interac-
tions among nonsevere injury between race and poverty, they were limited. Certainly, the lack 
of signi�cance in interaction for the severe injury category could be due to small sample size. It 
almost implies that if we used KABCO-based injury data, which does not require data linkage to 
hospital data, we would �nd some signi�cant interaction due to its large sample size. However, 
it would require further work due to having to geocode the police-reported injury data, which 
would be very taxing.

Spatial disparity surveillance requires getting to neighborhood-level units. This whole area of 
study is wide open. In the current study, we just touched the tip of the iceberg, where we used drivers’ 
residence locations and accident locations in poverty categories to reveal that the high concentration 
of people from the poorest neighborhoods had the highest concentration in accidents within their 
neighborhood categories. Internally, we could display data by census tract without Health Insurance 
Portability and Accountability (HIPAA) violation, but it would not be that useful since the �ndings 
cannot be revealed to the general public. Alternatively, we could do kernel density mapping, which 
would not reveal exact location. However, kernel density mapping essentially is a univariate map-
ping method, with age group and other variables involved in surveillance; kernel density mapping 
is not particularly revealing without further smoothing and multilayer presentations. It suggests that 
model-based disease mapping without a spatial unit might work, that is, in HIPAA compliance, and 
reveal suf�cient location information (e.g., overlay spatial units on top of kernel or other smoothing 
techniques). As we said, there are many ways to conduct spatial disparity surveillance when data 

TABLE 18.6
Poverty Levels by Residential and Crash Locations in 
Omaha, 2006–2011

Accident a_pvt1 a_pvt2 a_pvt3 a_pvt4 a_pvt5 N

r_pvt1 39.65 25.72 14.53 4.78 15.31 4055

r_pvt2 24.17 31.71 16.00 6.49 21.63 3699

r_pvt3 22.51 23.93 23.07 6.95 23.54 2332

r_pvt4 14.50 20.08 11.81 14.37 39.24 1524

r_pvt5 8.21 15.11 9.53 6.92 60.23 4262

Note:	 Numbers are in row percent. a_pvt, driver’s accident location pov-
erty level; r_pvt: driver’s residential location poverty level.
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are spatially relevant. Unlike model-based estimation developed in log-linear, logistic, and other 
multivariate analyses, spatial-model-based estimation needs to be developed and re�ned for surveil-
lance and intervention.

18.5  CHAPTER SUMMARY AND CONCLUDING REMARKS

This chapter used primarily data from the CODES program. The traditional CODES programs 
link MVC data to hospital E-code data for injury surveillance and hospital cost estimation. Since 
both CODES and hospital data do not have race variables, program data analysts simply ignored 
race in their previous reports before we conducted these analyses in phases. In phase I, we linked 
drivers to driver’s licenses to obtain the drivers’ race information, and reported racial disparities 
according to the police-reported injury score or KABCO. We found that Black–White dispari-
ties were greater for nonsevere injuries than severe injuries. In phase II, we linked enhanced race 
information in phase I study to hospital E-code data so that clinically derived MAIS can be used 
for assessing racial disparities. We found that results from MAIS were by and large consistent with 
the results from KABCO. In phase III study, we used drivers’ data from phase II with MAIS to 
reversely add census tract information from the Nebraska hospital discharge data, with the latter 
already being geocoded. We found that both SES and racial gradients exist for MVC injuries with 
Black drivers, and those living in poor neighborhoods had independent effects on both severe and 
nonsevere injuries.

APPENDIX 18A: SENSITIVITY ANALYSIS

TABLE 18.A1
KABCO-Based Model Estimates from the Same Sample as in 
Table 18.4

MAIS Model KABCO Model

Parameter OR 95% CI OR 95% CI 

Age group (reference = 65+)
15–24 2.94 2.58 3.34 4.25 4.86 4.55

25–44 1.46 1.29 1.65 1.82 2.08 1.95

45–64 1.22 1.07 1.38 1.42 1.62 1.52

Sex (reference = Male)
Female 0.76 0.70 0.81 1.28 1.38 1.33

Race (reference = White) 1.00 1.00 1.00

Black 1.49 1.21 1.83 1.67 2.04 1.85

Other race 0.76 0.65 0.87 0.94 1.26 1.09

Place of Residence (reference = Urban)
Rural 1.41 1.31 1.52 0.79 0.85 0.82

Interaction Terms
Black age 25–44 1.19 1.47 1.32

Other race age 15–24 0.63 0.89 0.75

Other race age 25–44 0.72 0.99 0.84

Black female 1.35 1.00 1.82 1.09 1.35 1.21

Other race female 1.05 1.33 1.18

Rural Black 0.29 0.13 0.62 0.50 0.81 0.63
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TABLE 18.A2
MVC Injury Rate per 100,100 by Poverty Level Adjusting 
for Percent of Driving to Work vs. No Adjustment

Pvt1 Pvt2 Pvt3 Pvt4 Pvt5

MAIS_inj = Severe, No Adjustment
White 64 100 90 70 81

Black 81 52 88 76 112

Other 51 55 68 81 42

MAIS_inj = Severe, with Adjustment
White 80 131 120 97 129

Black 99 67 120 111 184

Other 63 72 92 119 70

MAIS_inj = Nonsevere, No Adjustment
White 1104 1256 1275 843 1464

Black 2552 2747 2574 3021 3714

Other 1148 1583 1322 1206 1408

MAIS_inj = Nonsevere, with Adjustment
White 1366 1653 1712 1168 2339

Black 3116 3514 3501 4404 6132

Other 1408 2059 1790 1763 2378

Note:	 At-risk population without adjustment is based on the 2010 census, age 
15–84. The adjusted at-risk population is the population without adjust-
ment times the percentage of those driving to work in each census tract.
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19 Linking Cancer Screening 
and Cancer Registry Data 
for Outcome Assessments

19.1  INTRODUCTION

The lack of socioeconomic status (SES) data in state cancer registries has been recognized for years. 
Occupation and smoking status are available in the data dictionary, but they tend to have a very 
high number of missing values. A challenge in cancer disparity studies is to �nd a proxy measure of 
SES. Recent studies generally use census county and census tracts as proxy measures. A few studies 
combine personal SES and area SES measures (Sprague et al., 2011). Generally, these studies found 
that low-SES neighborhoods tend to be associated with late-stage cancer (Koh et al., 2005; Lincourt 
et al., 2008; McCarthy et al., 2010; Yin et al., 2010; Lin et al., 2011) and elevated mortality (Morgan 
et al., 2011; Sprague et al., 2011). Another way to assess income effect is through special population. 
The Medicaid population can be considered poor (Schrag et al., 2009). Koroukian (2003) showed 
that the proportion of advanced-stage breast and cervical cancer in Ohio was more than double for 
Medicaid patients than other patients. Lantz and Soliman (2009) showed that Medicaid expansion 
for cancer care could shorten the duration between diagnosis and the initiation of treatment among 
White women in the NBCCEDP. Similar �ndings were also reported in California. Another, more 
restricted population is from a breast and cervical cancer screening program that not only had a 
low-income requirement, but also had an uninsured requirement, including Medicaid. We chose this 
population in the current study.

The National Breast and Cervical Cancer Early Detection Program (NBCCEDP) was introduced 
in 1990 by the CDC to screen low-income and uninsured women for breast and cervical cancers for 
free or at a low cost in cooperation with state health agencies. There was a special issue in Cancer 
Causes and Control that celebrated the 25-year anniversary of the program (White and Wong, 
2015). Nebraska was one of the early states to receive funding under the NBCCEDP and started 
the Every Woman Matters (EWM) program in 1992 (Feresu et al., 2008). EWM covers the cost for 
screening and follow-up tests, including cervical and breast biopsies to diagnose breast and cervi-
cal cancer. In 2001, Nebraska passed a law that women diagnosed through EWM would be eligible 
to receive treatment through the state Medicaid program. In 2010, about 800 Nebraska providers, 
including physicians, clinics, hospitals, and family planning agencies, served the EWM program. 
To be eligible to participate in the EWM program, the participants must be age 40–74 years, meet 
income eligibility guidelines (<225% below the federal poverty level), have no insurance, includ-
ing the Medicaid coverage, not belong to any health maintenance organization, and not be enrolled 
in Medicare Part B program. About 34,489 women were screened through the EWM program 
between 1995 and 2008.

Most previous studies evaluating the effectiveness of the NBCCEDP-funded programs have focused 
on screening and timeliness of treatment (Liu et al., 2005; Richardson et al., 2010; Wheeler et al., 2013). 
One of the earliest evaluation studies was from the Florida program (Tamer et al., 2003), which linked 
the Florida Breast and Cervical Cancer Early Detection Program (BCCEDP) to the Florida Cancer 
Registry. After case matching by age, sex, race, insurance, and census tract SES, the study found no dif-
ference in the stage at diagnosis between BCCEDP screening program cases and matched breast cancer 
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cases from the registry. However, a recent study using a similar design in Texas found a higher propor-
tion of late-stage diagnoses from the cases in the state Breast Cancer and Cervical Cancer Screening 
(BCCS) program than the matched cases from the Texas Cancer Registry (Rajan et al., 2014). The 
study by Lobb et al. (2010) attempted to disentangle area and individual SES effects. It assigned cases 
from the Massachusetts Breast Cancer Screening Program, together with those from the Massachusetts 
Cancer Registry, into different poverty neighborhood categories. Since all participants were on a low 
income, if a participant resided in a low-income neighborhood, then it is individual low and neighbor-
hood SES low. If, on the other hand, a participant resided in a high-income neighborhood, then it is 
individual low and neighborhood SES high. The study found that program participants had stages of 
diagnosis to comparable to those of nonparticipants. It also found that the registry cases (nonpartici-
pants) from poor neighborhoods tended to have an advanced stage of breast cancer, suggesting that the 
screening program could do a lot more to reach those from poor neighborhoods.

In Nebraska in particular, it was reported that although African American women were enrolled 
in equal or greater proportion to the program, they were less likely than White women to receive 
clinical breast cancer exams (Feresu et al., 2008). Since the study was based on the number of 
screened (numerator) versus the number of asymptomatic enrollees (denominator), it does not really 
re�ect the program enrollment efforts, but rather how many enrollees were asymptotic or symptom-
atic. According to personal communication with the program director, the program enrolled and 
screened 37,900 women during 1997–2007, of which 2,523 reported themselves as Black, or about 
6.7% of the total EWM population. Hence, the �nding could be just a slightly different time frame 
or the difference between asymptomatic versus asymptomatic enrollees. In addition, the study did 
not compare the program enrollment population with the state population as a whole; the Nebraska 
program was deemed effective to capture the underserved and the minorities, given the high per-
centage of rural residences and the dominance of the White population in the state.

While not a head-to-head comparison, it was found that treatment patterns for women diag-
nosed with early-stage breast cancer through three state-based NBCCEDP programs from 1992 
to 1995 appear to be comparable those of other women during the same period (Richardson et al., 
2001). A recent update by the same lead author found that women screened by the NBCCEDP 
programs received diagnostic follow-up and initiated treatment within preestablished program 
guidelines (Richardson et al., 2010). The only direct head-to-head treatment comparison was from 
Massachusetts. Women diagnosed through a screening program in Massachusetts had stage and 
treatment patterns that were similar to those of other breast cancer patients in the state, except the 
use of radiation therapy (RT) (Liu et al., 2005).

At the time of this writing, there were three publications matching state breast cancer screening 
data with cancer registry data for survival assessments. Rajan et al. (2014) compared breast cancer 
treatment and survival differences between Texas BCCS participants and geographically matched 
nonparticipants age 40–64. The matched nonparticipants had to (1) come from the same census 
tracts as the participants and (2) reside in the two lowest-quintile census tracts indexed by a princi-
pal SES component scale. The authors referred to the American Joint Committee on Cancer (AJCC) 
breast cancer stages for treatment guidelines, and then mapped Surveillance, Epidemiology, and 
End Results (SEER) staging to the AJCC staging for treatment assessments that included surgery, 
chemotherapy (CT), and RT. It was found that participants had lower rates of breast surgery and 
higher rates of CT than nonparticipants, and there were no differences in survival rates between the 
two groups. Johnson et al.’s (2015) article is on survival surveillance in nature. It used cause-speci�c 
death among breast cancer patients age 30–64 to derive survival proportions by diagnosis stage. 
The study found that the Idaho breast cancer screening participants were more likely to have a late-
stage diagnosis than nonparticipants, which, together with a low rate of surgery among participants, 
contributed to about 5% in survival proportions 5 years after the diagnosis. Finally, Bhuyan et al. 
(2014) used Nebraska EWM–Nebraska Cancer Registry (NCR) linked data to compare participants 
and nonparticipants in mortality and treatment outcomes among those age 40–74. The nonpartici-
pants in the study were selected from participants’ census tracts. This case study is built on Bhuyan 
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et al.’s study and assesses short-term (3-year mortality) and long-term survival differences between 
participants and nonparticipants of Nebraska’s EWM program.

19.2  METHOD

19.2.1 D ATA SoUrCE

The main data source is the NCR, which contains information on patient demographics, tumor 
site, tumor stage, �rst course of treatment, and treatment facility. Within the state, the NCR is used 
for analyzing long-term trends, planning, and evaluating cancer control programs. The NCR has 
received the North American Association of Central Cancer Registries’ Gold Standard Award for 
data quality every year since 1995. Even though the EWM program started in 1992, in order to 
ensure data quality in terms of case completeness in race and ethnicity and vital statistics, we used 
NCR data starting from 1995. In addition, it normally takes 2 years for the NCR to have a complete 
update of the most recent data. We requested the NCR data in early 2014, which would have updated 
vital statistics at least up to the end of 2011. The EWM program is also required to provide informa-
tion to the NCR on women diagnosed through it, so that staging and other diagnosis information 
can be reported to the Centers for Disease Control and Prevention (CDC) or the funding agency.

For the current project, all EWM participants from 1992 to 2009 were linked by name, diag-
nosis group, birth date, social security number, and zip code by the NCR program. The resulting 
matched records were used to identify women diagnosed with breast cancer through EWM. All 
other unmatched records in the NCR �le were used to identify women diagnosed through other 
sources. After linkage, individual identi�ers, such as single age, date of birth, and address, were 
deleted from the data analysis. We used both EWM participants and women diagnosed with breast 
cancer through EWM interchangeably, as some participants could be triggered by their participa-
tion in the program and by being screened outside of the EWM screening cycle. In addition, all 
the NCR data were geocoded at the census tract level. After attaching the 2000 census tract–level 
poverty status, census tract information was deleted.

19.2.2 I NCLUSIoN AND EXCLUSIoN CrITErIA

NCR records of women newly diagnosed with breast cancer, using International Classi�cation of 
Disease codes C50.0–C50.9 (except 9590–9989) from 1995 to 2008 were selected together with an 
indicator variable indicating whether the patient was a participant of the EWM program. We found 
that EWM participants were signi�cantly dropped in 2009, suggesting the data from the EWM 
program were incomplete at the time of this data request. We therefore decided to use 2008 as the 
ending year, which would leave 3 years at the end of 2011 for mortality comparisons. Only women 
aged 40–74 years were included in the study, as most women screened through EWM program are 
within that age range. Women younger than 40 years are eligible for EWM breast cancer services 
only if they meet certain high-risk conditions, and women older than 74 years are only eligible if 
they do not have Medicare Part B coverage and have income below 225% of the federal poverty 
level. In fact, the overwhelming majority of the patients were between 40 and 65. For this reason, we 
also ran preliminary analyses for those age 40–65 and found that the results were almost identical 
to those of the full sample we selected here. In addition, women whose cancer was identi�ed solely 
by a death certi�cate and women with carcinoma in situ were excluded. Based on the above criteria, 
we had 11,973 women in the sample; among them, 529 were EWM participants.

19.2.3 V ArIABLES

The primary outcomes of interest were 3-year mortality and long-term survival differences between 
EWM participants and nonparticipants. Demographic controls included age, race, and marital status. 



282 Smart Use of State Public Health Data for Health Disparity Assessment

We used 3-year mortality because the data we had would not allow us to estimate 5-year mortality 
for the 2008 sample year. In addition, the preliminary analysis showed that 1-year and 3-year mod-
els were similar in terms of mortality differences between EWM participants and nonparticipants, 
while the 5-year result was not signi�cant. Age was categorized as (1) 40–50 years, (2) 51–60 years, 
and (3) 61–74 years. Marital status was considered an important predictor for cancer survival due 
to the availability of informal care by a spouse (McCarthy et al., 2010). We coded marital status as 
married and unmarried, which includes widowed, among others. Race was categorized as (1) Non-
Hispanic White, (2) non-Hispanic Black, and (3) other races and ethnicity. Originally, we attempted 
to have a separate Hispanic group. However, a preliminary analysis showed that Hispanic was not 
signi�cant in all the proposed models. We therefore grouped Hispanic with all others.

Ideally, we could use tumor stage based on the tumor, metastases, and nodes (TMN) system 
developed by the AJCC. However, the of�cial TMN system was implemented in the NCR in 2004, 
which left those prior to 2004 relying on the SEER staging. To be consistent, we used SEER’s stag-
ing as (1) local, (2) regional, (3) distant, and (4) upstaged.

Treatment by RT, resection surgery, hormone therapy, and CT was categorized as having been 
received or not. Previous studies have shown that surgery information from the cancer registry was 
fairly complete, while information on CT and RT was not (Mallin et al., 2013; Chapter 13). For 
both CT and RT, we provided updates by using outpatient data from 2005 to 2009. Although it was 
technically possible to update through 1995, we were told by the Nebraska Hospital Association 
that the data collection was not complete or population based until 2005. Hence, we updated treat-
ment information for 2005–2008, which can be viewed as systematic data enhancement after 2005 
from NCR.

Place of residence was based on the same rural–urban dichotomy throughout the book. Douglas, 
Sarpy, and Lancaster Counties each had a population of more than 100,000, and so were urban 
counties; the rest were rural. Census tract of residence was also used to categorize neighborhood 
poverty according to the percent of population under the 2000 poverty line: (1) <5% poverty rate, 
(2) 5%–15% poverty rate, and (3) >15% poverty rate. Lobb et al.’s study in Massachusetts used 20% 
as a cutoff point for poor and not poor census tracts, which does not seem �t in Nebraska, because 
not many census tracts had 20% or more of the population living under the poverty line.

19.2.4 S TATISTICAL ANALYSES

Descriptive statistics were used to compare participants’ and nonparticipants’ age, race, marital 
status, stage at diagnosis, and all other outcomes of interest. Multivariate logistic regressions were 
used to calculate the 3-year mortality differences, while the Cox proportional hazard model was 
used for survival differences. Model covariates included age, race and ethnicity, location, treat-
ment, and neighborhood poverty level. Logistic regression was also used to compare the treatment 
received by the women diagnosed through EWM with that received by women diagnosed through 
all other sources. These treatment models were adjusted only for age. Ninety-�ve percent con�-
dence intervals (CIs) for all odds ratios (ORs) were estimated, and an OR was considered signi�-
cant if it did not contain 1.0.

There are several ways to compare EWM participants versus nonparticipants. A straightforward 
comparison is to include all breast cancer patients during the study period, and compare their out-
comes while controlling all other variables. This design implies that EWM participants had low 
income, but their participation in the program may ameliorate income effects in terms of stage of 
diagnosis and treatment options. If the participants’ outcomes were comparable with those of the 
nonparticipants, then the EWM program would be achieving its goal literally. Alternatively, we can 
conceptualize potential life or cost saving by �rst comparing participants and nonparticipants in a 
more or less comparable income level. Since we do not have an income variable, we could select 
all those patients who live in the EWM participants’ neighborhoods. This design implies that those 
residing in the same neighborhood tend to have similar incomes regardless of EWM participation 



283Linking Cancer Screening and Cancer Registry Data for Outcome Assessments

status. If the outcomes of participants were comparable to those of nonparticipants within these 
neighborhoods, then participating in the screening program might simply have helped those non-
insured and underinsured to achieve a level playing �eld with their neighbors who may or may not 
have insurance. If, on the other hand, the EWM participants had a lower mortality than nonpartici-
pants living in the same neighborhoods, then this may suggest two things: (1) the program saved 
participant’s lives, and (2) more could be done to reach nonparticipants in these neighborhoods so 
that more potential lives could be saved.

We follow both approaches described above. We �rst used all the breast cancer records that met 
the inclusion and exclusion criteria. The process of matching nonparticipants’ neighborhoods is as 
follows:

	 1.	Generate a list of census tract numbers that EWM participants came from.
	 2.	Generate an indicator variable by matching EWM participants’ census tract numbers to 

all records within the breast cancer sample for the study. If there is a match, the indicator 
variable is 1; else, it is 0.

	 3.	Select all the records with an indicator of 1. This sample had 6628 breast cancer patients 
who met the inclusion and exclusion criteria.

After all the individual matching between program data, and neighborhood matching at the 
census tract level, the data were provided to us without any identi�ers. The study protocol was sub-
mitted to the institutional review board (IRB) at the University of Nebraska Medical Center. It was 
found that the IRB review was not necessary because the smallest identi�able information was the 
census tract poverty level and rural–urban status within the state.

19.3  RESULTS

Table 19.1 presents descriptive statistics for the study samples, with the �rst two columns being 
nonparticipants and the last column being participants. Comparing the �rst and last columns, we 
found that participants were younger, likely to be married, and non-White. In particular, the percent 
of non-Hispanic Blacks for EWM participants was 4.9%, whereas the corresponding number for 
all nonparticipants was 2.6%. Nonparticipants were more likely to be diagnosed at localized and 
distant stages, while participants were more likely to be diagnosed at the regional stage. Except 
CT, there were no signi�cant differences in RT and curative surgery operations. It should also be 
mentioned that when the three treatment modalities in the table and other treatment options, such 
as hormone treatment, were jointly considered (not shown), there were almost no patients that had 
zero treatment. A higher percentage of participants came from neighborhoods with >15% people 
under the poverty level (24.4% vs. 13.3%), which is consistent with the EWM program objectives. A 
signi�cantly higher percentage of women diagnosed through EWM were from rural counties than 
from urban metropolitan counties (71.9% vs. 29.9%).

After geographic matching, we found that while other characteristics remained broadly consis-
tent with the above comparisons, those from neighborhoods with >15% people under the poverty 
level were similar between the participants and geographically matched nonparticipants. Also, the 
geographically matched nonparticipants had signi�cantly higher mortality rates than participants.

Next, we examined potential treatment disparities (Table 19.2). Using resection surgery as the 
dependent variable, we found no signi�cant differences between the participant and two nonpartici-
pant groups in a logistic regression adjusting for age groups and tumor stage. When further restrict-
ing the sample to stages 1 and 2 following Rajan et al. (2015), we found that EWM participants were 
signi�cantly less likely to have a resection surgery, while adjusting for age and the two remaining 
stages. The odds ratios were 0.505 (95% CI 0.311–0.819) and 0.541 (95% CI 0.327–0.892), respec-
tively, in contrast to all nonparticipants and the matched nonparticipants. However, if we compare 
the resection surgery rates for stages 1 and 2, the percentages were fairly close: 98.05%, 97.9%, 
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and 96.18%, respectively, for all nonparticipants, the matched nonparticipants, and the participants, 
even though they were statistically different according to the chi-squared test.

We found no difference in CT and RT in a set of logistic regressions. Using CT or RT as a depen-
dent variable, we �rst ran a logistic regression and did not �nd a signi�cant difference while con-
trolling for age groups and stages. Second, we ran the regression model, restricting it to those who 

TABLE 19.1
Patient Characteristics by EWM Program Status: 1995–2008

All 
Nonparticipants

Nonparticipants Matched 
to EWM Census Tract

EWM Program 
Participants

Total N 11264 6099 529

86.8 88.7

Age Group
40–50 21.3 20.5 32.5

51–60 30.1 29.8 41.6

61–74 48.5 49.7 25.9

Married 68.8 67.9 51.8

Race
NH White 94.7 94.6 86.6

NH Black 2.6 2.9 4.9

Other race 2.7 2.5 8.5

SEER Stage
Localized 63.1 62.6 54.8

Regional 30.0 30.3 39.3

Distant 4.2 4.3 2.8

Upstaged 2.6 2.8 3.0

Treatment History
Resection 94.5 93.9 93.8

RT 50.5 50.5 50.9

CT 50.6 50.7 59.9

NB Poverty Rate
<5% poverty 
rate

28.3 18.2 10.4

5%–15% 
poverty rate

58.3 64.3 65.2

>15% poverty 
rate

13.3 17.5 24.4

Place of Residence
Urban 48.4 38.3 29.9

Rural 51.6 61.7 70.1

1-year 
mortality

3.4 3.0 1.1

5-year 
mortality

9.7 10.8 6.8

Note:	 All in percent. NB, neighborhood; EWM, Every Woman Matters. Except RT and resec-
tion, all the p-values between participants and nonparticipants were signi�cant at the 0.05 
level for the chi-square test.
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had resection surgeries, and still were unable to �nd any signi�cant difference. Finally, we further 
restricted the sample to those who had breast conservative surgeries, which should be followed with 
RT. Again, we did not �nd any signi�cant difference. We calculated RT rates by using those receiv-
ing breast conservative surgeries as the denominator. We found they were 84.92%, 84.29%, and 
82.82%, respectively for all nonparticipants, the matched nonparticipants, and the participants, and 
they were not statistically different either. We therefore conclude there was no treatment difference 
between low-income EWM participants and nonparticipants in the current study.

Given that there were no differences in treatments, we would not expect much difference in 
mortality either. Table  19.3 shows otherwise. In both full and geographically matched samples, 
3-year mortality differences between the participants and nonparticipants were signi�cant. In the 
full sample, after controlling for age, race, cancer staging, treatment types, place of residence, and 
neighborhood poverty level, the EWM participants had lower odds of 3-year mortality than did non-
EWM women (OR 0.633, 95% CI 0.437–0.917). In addition, effects of the control variables were 
consistent with the literature. Older and unmarried women were more likely to die within 3 years of 
the diagnosis. Tumor stage at the time of diagnosis was the most important predictor of 1-year mor-
tality. Women diagnosed at a distant stage had a higher likelihood of 3-year mortality than women 
diagnosed at the local stage. Women receiving resection surgery and RT had signi�cantly lowers 
odds of mortality than women receiving no corresponding treatment modalities. Place of residence 
was not signi�cant. Finally, women residing in a census tract in the poverty-rate neighborhoods 
(>15%) were more likely to die within 3 years than women residing in areas with less than a 5% 
poverty rate. The above results were broadly consistent when the geographically matched sample 
was introduced.

Since the sample did not allow us to calculate 5- or 10-year mortality rates, we used the Cox sur-
vival model to estimate long-term survival effects between EWM participants and nonparticipants 
(Table 19.4). In both full and geographically matched models, there were no differences between 
participants and nonparticipants. In both models, all other control variables had effects similar 
to those of the logistic models. In addition, we also ran models by excluding noncancer causes of 
death, and the results were similar (not shown). We therefore concluded that there were no long-term 
survival bene�ts for EWM participants even though they had better odds of surviving in the short 
term, such as 1–3 years.

TABLE 19.2
Treatment Difference: Matched and Unmatched Samples of EWM and 
Other Patients

Treatment

Model I: Unmatched Model II: Geomatched

OR 95% CI OR 95% CI

Full Sample
Resection surgery 0.708 0.454–1.102 0.773 0.491–1.120

RT 0.916 0.767–1.095 0.902 0.752–1.083

CT 1.031 0.839–1.267 1.01 0.819–1.247

Stages 1 and 2 Sample Only
Resection surgery 0.505 0.311–0.819 0.541 0.327–0.892

RT 0.936 0.779–1.124 0.919 0.762–1.109

CT 1.071 0.864–1.328 1.036 0.832–1.291

Note:	 Each treatment represents a separate age- and stage-adjusted model. Model I: All patients 
in Nebraska regardless of where they live. Model II: Patients who were geographically 
matched to EWM participant neighborhoods.
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19.4  DISCUSSIONS AND CONCLUSIONS

The motivation of this chapter was twofold. On the one hand, lack of income measures is an impor-
tant drawback for cancer registry data. Linking cancer screening program participants, who were 
all relatively low income and underinsured, provided an indirect way of measuring income effects. 
On the other hand, breast cancer screening programs funded by the CDC have been implemented 
for more than 20 years, but few studies have evaluated their mortality outcomes. Hence, the purpose 
of this study was to evaluate treatment and mortality under the premise that the same stage of cancer 
diagnosis should have the same treatment, and the same treatment should lead to similar mortality 
outcomes. Compared to all non-EWM participants, women diagnosed through EWM were more 
likely to survive within 3 years of diagnosis. However, this short-term survival advantage could be 
due to lead time bias of the screening, as it was a nonfactor in the survival models.

TABLE 19.3
Logistic Regression of Unmatched and Matched Samples of 3-Year 
Mortality Models

Model I: Unmatched Model II: Geomatched

OR 95% CI OR 95% CI

Age (ref = 40–50 years)
51–60 1.018 0.826–1.256 1.081 0.824–1.419

61–74 1.622 1.34–1.963 1.804 1.406–2.314

Marital Status (ref = Married)
Unmarried 1.563 1.354–1.804 1.602 1.335–1.924

Race and Ethnicity (ref = NH White)
NH Black 1.617 1.137–2.298 1.545 0.996–2.395

Other 1.054 0.727–1.529 1.386 0.882–2.181

Tumor Stage (ref = Local)
Regional 3.033 2.565–3.587 2.969 2.399–3.674

Distant 19.201 14.877–24.781 17.745 12.685–24.825

Unstaged 3.064 2.205–4.257 2.764 1.805–4.233

Treatment (ref = no)
Resection surgery 0.334 0.264–0.423 0.347 0.256–0.472

RT 0.661 0.573–0.764 0.663 0.552–0.797

CT 0.908 0.773–1.067 0.968 0.789–1.188

Place of Resident (ref = Rural)
Urban 0.947 0.805–1.113 0.976 0.792–1.204

Neighborhood Poverty Rate (ref = <5%)
5%–15% poverty 
rate

1.344 1.105–1.635 1.469 1.091–1.979

>15% poverty rate 1.723 1.363–2.179 1.978 1.43–2.737

EWM Program Status (ref = no)
Participants 0.633 0.437–0.917 0.586 0.403–0.854

Note:	 Model I: All patients in Nebraska regardless of where they live. Model II: Patients who 
were geographically matched to EWM participant neighborhoods.
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One may suspect that some of those protective effects were due to relatively younger age for 
EWM participants that cannot be fully accounted for by age group variables. However, the 40–65 
age group generated identical results in terms of directional effects. Some short-term mortality 
effects could be explained by slightly higher proportions of distant stage for both nonparticipants’ 
samples. However, if we consider both regional and distant as the late stage, then women diagnosed 
with breast cancer through EWM are signi�cantly more likely than women diagnosed through 
other sources to be at the late stage, a result consistent with a similar study in Florida (Tamer et al., 
2003). Several studies of disparities in breast cancer screening reported that women who are racial 
minorities, of low SES, and from rural areas, as well as lack transportation, are less likely to seek 
mammography and are more likely to be diagnosed at later stages of the disease and have higher 
mortality rates (Coughlin et al., 2008; Coughlin and King, 2010; Edwards et al., 2009). But EWM 
participants in our study were less likely to die in 3 years, especially in the geographically matched 

TABLE 19.4
Cox Proportional Hazard Models for Geographically Matched and 
Unmatched Samples

Model I: Unmatched Model II: Geomatched

HR* 95% CI OR 95% CI

Age (ref = 40–50 years)
51–60 1.164 1.043–1.301 1.203 1.042–1.388

61–74 1.866 1.689–2.062 1.946 1.709–2.216

Marital Status (ref = Married)
Unmarried 1.449 1.351–1.554 1.489 1.36–1.63

Race and Ethnicity (ref = NH White)
NH Black 1.471 1.226–1.765 1.438 1.147–1.804

Other 1.223 1.003–1.492 1.379 1.059–1.796

Tumor Stage (ref = Local)
Regional 2.243 2.066–2.435 2.334 2.098–2.596

Distant 8.854 7.721–10.154 8.947 7.459–10.734

Unstaged 2.609 2.186–3.116 2.738 2.191–3.422

Treatment (ref = no)
Resection surgery 0.532 0.468–0.604 0.55 0.466–0.649

RT 0.717 0.668–0.769 0.696 0.636–0.762

CT 0.928 0.857–1.004 0.934 0.845–1.034

Place of Resident (ref = Rural)
Urban 1.074 0.992–1.163 1.103 0.993–1.226

Neighborhood Poverty Rate (ref = <5%)
5%–15% poverty rate 1.249 1.136–1.374 1.175 1.021–1.353

>15% poverty rate 1.385 1.231–1.558 1.314 1.119–1.542

EWM Program Status (ref = no)
Participants 1.031 0.87–1.222 0.983 0.827–1.168

Note:	 HR, Hazard ratio. Model I: All patients in Nebraska regardless of where they live. 
Model II: Patients who were geographically matched to EWM participant 
neighborhoods.
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sample, suggesting that participants might have learned a few prevention strategies that otherwise 
might be missed by their pairs living in the same neighborhoods. Second, marital status is a strong 
predictor or bene�t factor for surviving from cancer due to spousal support both emotionally and 
physically (Aizer et al., 2013), which is also consistent with most breast cancer studies on mortality 
and survival (Kroenke et al., 2006, 2012; Silliman et al., 1998). However, marital status would work 
against EWM participants, as only 52% of them married, compared to 68% for nonparticipants. 
Hence, it must not be marital status that bene�ts EWM participants. Third, the non-Hispanic Black 
patients were more likely to die in both models, but EWM participants were more likely to be non-
Hispanic Black. Hence, it cannot be the race factor bene�ting the participants. Finally, the poorer 
the neighborhood in which the patient lives, the greater the likelihood of mortality in either the short 
or long term. The poverty factor would also work against the participants, as a disproportionate 
number of them live in poor neighborhoods, even for the geographically matched sample. Hence, it 
cannot be the neighborhood SES that bene�ts the participants. Thus, the protective effects of EWM 
in the short term are likely also contributed by some factors that are not observed from the existing 
control variables.

It is likely that the long-term survival models re�ect effects that cannot be fully mitigated by the hos-
pital-based health care system for breast cancer screening and treatment (Gerend and Pai, 2008; Aizer 
et al., 2013). Social determinants of health and psychosocial factors such as lack of �nancial resources, 
transportation, good nutrition, health literacy, problematic patient–provider interactions, and patient 
distrust of the system tend to have long-term effects. Factors that could not be measured from the cancer 
registry–based data are access to primary care and informal care (Roetzheim et al., 2012). Racial and 
ethnic minority women from minority groups and women residing in areas with a high poverty rate 
may not have access to primary care providers for follow-up care after breast cancer treatment. Recent 
literature showed that Medicare bene�ciaries with breast cancer had better outcomes if they made 
greater use of a primary care physician’s ambulatory services (Wirtz et al., 2014). The hidden cost of 
cancer care in terms of loss of income, other competing work and family demands, and transportation 
might be especially burdensome for low-income and racial and ethnic minority patients in long-term 
follow-up care for breast cancer (Shavers and Brown, 2002). Efforts should be taken to engage breast 
cancer survivors in managing long-term surveillance and follow-up care (Field et al., 2008).

Additionally, no difference was found between the participants and nonparticipants in treatments 
with resection surgery, RT, and CT therapy. If we include only stages 1 and 2 patients, the participants 
would be less likely to have resection surgery. These results were consistent with previous studies that 
have shown disparities in treatment modalities based on the social class of patients (Boyer-Chammard 
et al., 1999; Schoen et al., 2011). All the NBCCEDP-funded state screening programs are required to 
have diagnostic and treatment networks in place before starting the screening program. In 2001, under 
the federal Medicaid mandate, a Nebraska law mandated that women diagnosed with breast cancer 
through EWM receive treatment through the state Medicaid program. The Patient Protection and 
Affordable Care Act will provide women with greater access to preventive cancer screening and treat-
ment. However, a signi�cant gap is likely to remain for women who are uninsured and underinsured.

From the perspective extending the EWM program’s bene�t, there are several implications. First, 
the weakening of the survival bene�t of the participants suggests that more could be done for them. 
Clinicians could pass on prognosis information to the EWM program, so that the program can 
further communicate with the EWM participants in terms of long-term survival. If lack of informal 
support is an issue, the program could also potentially provide some informal care options based on 
some rating of variables other than clinical treatment. In this way, the program could provide more 
personalized survivor support beyond cancer screening.

The present study has a number of limitations that also provide opportunities for future stud-
ies. First, the participants and nonparticipants received similar clinical treatments; we could not 
compare the quality and timeliness of care between the two groups because the date of diagnosis 
to treatment could not be estimated solely from the NCR data. Second, the geographic match-
ing of participants and nonparticipants was not based on the traditional case matching approach. 
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If we strictly followed the case matching approach, we would likely use the proportion of cases 
(participants) living in particular poverty categories and sampled proportionally to the nonpartici-
pants. Alternatively, we could match participants by year in each neighborhood. In either case, it 
would reduce the statistical power. Future studies should attempt to disentangle the neighborhood 
disadvantages among geographically matched nonparticipants. If the survival bene�ts were also 
due to the clinically supported care network and case manager, then less expensive bene�ts can be 
extended to patients from poorer neighborhoods through health education and case management. 
Third, the small sample size in the current study not only limits the ability to detect signi�cant 
mortality differences, but also prevents us from a more elaborate design due to the power concern. 
Additionally, some data may be missing due to problems in linkage of databases. Future studies 
should examine the long-term determinants of breast cancer survival for women diagnosed through 
an NBCCEDP screening program, including access to a social support system and the availability 
of primary care after initial diagnosis and treatment.
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20 Linking Environmental 
Variables to Parkinson’s 
Disease

20.1  INTRODUCTION

Funded by the Centers for Disease Control and Prevention (CDC), environmental tracking systems 
have been established in many states. Many excellent examples, case studies, and national reports 
have come out of the systems that track known pollutants and environment hazards, and their poten-
tial impacts on health outcomes. In many situations, however, we do not know the potential impacts 
of some environmental factors on the incidence of a disease. In such situations, it might be appropri-
ate to use an exploratory spatial surveillance approach, the topic of this chapter.

Most spatial disease surveillance practices deal with disease cluster detection. In the traditional 
disease cluster detection approach, one �rst detects the existence of spatial clusters. Once a dis-
ease cluster is detected, one needs to trace etiological factors that contribute to the cluster. A com-
mon approach to identifying etiology is to compare a set of ecological or environmental factors 
within and outside the clustered area and determine which factors have strong correlations with 
the clustered areas. Alternatively, one might take a nonspatial approach by exploring correlations 
between disease incidence and environmental exposures over the entire study area. If an exposure 
is associated with an observed disease pattern, one could go a step further by investigating potential 
relationships between exposure and health effect. Both approaches assume that the detected health 
effect will re�ect some dose–response relationship between environmental exposure and population 
health. In this chapter, we demonstrate both approaches by correlating Parkinson’s disease (PD) 
data and pesticide and herbicide data in Nebraska.

PD is caused by the deterioration of nerve cells in a particular area of the brain, but its etiology 
remains largely unknown. Some evidence suggests a genetic component, but most PD patients do 
not have the identi�ed gene (Ross and Smith, 2007). Studies also point to environmental factors that 
may generate toxins to the brain. However, speci�c and consistent environmental risk factors have 
not been identi�ed. For instance, both pesticide and herbicide exposures have been associated with 
the onset (Butter�eld et al., 1993) or higher rates of PD, but a metadata analysis found that those 
same studies also identi�ed rural living and farming as signi�cant exposures (Priyadarshi et al., 
2001). In the meantime, many studies failed to link PD to pesticides and rural living (Kuopio et al., 
1999). Despite inconclusive �ndings, many studies of environmental factors on PD have emerged 
recently. For example, more than a dozen studies since 2001 have found signi�cant relationships 
between pesticides and PD (see a review study by Van der Mark et al., 2012), although some studies 
also failed to detect signi�cant relationships (Firestone et al., 2005, 2010). Ascherio et al. (2006) 
showed a signi�cant relationship between pesticide exposures and PD. In a more focused study 
sample, Kamel et al. (2007) showed that licensed private pesticide applicators and spouses were 
more likely to develop PD due to their overall exposures to pesticides. However, since both studies 
were survey-based, they all call for further studies to identify speci�c pesticides or chemicals con-
tributing to PD risk. Besides pesticide studies, there have been more than a dozen studies showing 
a general relationship between herbicides and PD risk (Ryu et al., 2013; León-Verastegui, 2012; 
Fitzmaurice et al., 2013; Pan-Montojo et al., 2012) and identifying some speci�c herbicides, such as 
paraquat (Lee et al., 2012; Costello et al., 2009; Tanner et al., 2011).
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Nebraska is the only state that has a statewide and population-based PD registry. Based on the 
1996 Nebraska state statute, the Nebraska Department of Health and Human Services (DHHS) estab-
lished the Nebraska Parkinson’s Disease Registry (NPDR) in 1997. The statute requires that phar-
macies and physicians report PD-related information directly to the NPDR coordinator. Pharmacies 
report information semiannually about patients who received a PD prescription. Physicians are 
required to report information about patients who are newly diagnosed with PD within 60 days of 
diagnosis. If cases from a pharmacy report cannot be found in the existing physician reports, the 
NPDR coordinator contacts the prescribing physicians to ascertain probable cases. Patients can 
also submit a PD information form, which includes physician and pharmacy contact information 
for veri�cation. PD cases are also identi�ed for inclusion in the registry using state death certi�cate 
information. If a person’s cause of death indicates PD and the person was not in the registry, he or 
she could be included. About 8.7% of the cases are from death certi�cates, with a disproportionately 
greater number of cases in the beginning years of the registry development.

The data quality of NPDR is not ideal. Bertoni et al. (2006) reported that 78% of PD cases from 
1997 to 2001 had clinically con�rmed PD, and most false PD cases had drug-induced parkinson-
ism. In addition, there was no race information. Data after 2006 are likely better, with increased use 
of neurologists for ascertaining cases. Nevertheless, the NPDR is the only statewide registry, and 
it presents an opportunity to conduct descriptive epidemiology (Strickland and Bertoni, 2004) and 
exposure analysis. In the following, we �rst brie�y describe how to derive pesticide exposure data. 
We then present a cluster detection approach that links a detected cluster with pesticide exposures, 
or vice versa, following an ecological study design. Next, we present a case-control study using PD 
as cases and multiple sclerosis (MS), Alzheimer’s disease, ischemic stroke, and diabetes as separate 
control groups. Finally, we offer some concluding remarks.

20.2  ENVIRONMENTAL AND DISEASE DATA PROCESSING

Remote sensing–based land use data and pesticide usage data were used to develop pesticide and 
herbicide exposure maps. The 2005 Nebraska land use data were downloaded from the Center for 
Advanced Land Management Information Technologies (CALMIT) at the University of Nebraska–
Lincoln. This dataset, originally developed to assist in the works of agricultural irrigation and soil 
protection, was based on Landsat 5 Thematic Mapper (TM) imageries.

Following the surveillance approach that attempts to assess a host of pesticides and herbi-
cides (Elbaz et al., 2009), we obtained pesticide and herbicide usage data from Wan (2015), 
who developed exposures in several steps. First, information about county-level usage of active 
pesticide ingredients in Nebraska in 2005 was derived from the estimated annual agricultural 
pesticide use database of the U.S. Geological Survey. This dataset was estimated by integrat-
ing the pesticide usage survey data from proprietary crop reporting districts (CRDs), as well as 
county-level harvested-crop acreage information. The dataset provides two indicators of esti-
mated pesticide usage (EPest): EPest-low and EPest-high, among which EPest-low assigned zero 
value to CRDs that were surveyed but did not provide any feedback of pesticide usage informa-
tion, and EPest-high estimated values for those CRDs based on the value of their neighbors. We 
adopted EPest-high because it covers more counties than EPest-low. In total, exposures at 1 × 1 
kilometer resolution were derived for 15 herbicides and 5 insecticides. The 15 herbicides were 
2,4-dichlorophenoxyacetic acid (2,4-D), acetochlor, alachlor, atrazine, bentazone, bromoxynil, 
butylate, dicamba, S-ethyl-N,N-dipropylthiocarbamate (EPTC), ethal�uralin, glyphosate, meto-
lachlor, metribuzin, paraquat, and pendimethalin. The �ve insecticides were carbaryl, carbofu-
ran, chlorpyrifos, phorate, and terbufos. Exposures were aggregated at the census tract level from 
1 × 1 kilometer grid maps.

Cluster detection is a critical component of spatial disease surveillance. We used the Poisson 
spatial association model or the residual Moran’s I method (Lin and Zhang, 2007). The spatial asso-
ciation is determined by the �rst-order spatial adjacency. If we relax this constraint, the method is 
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equivalent to SatScan, a popular method for cluster detection. PD data were processed by the Joint 
Data Center. The following steps were taken to generate the data request:

	 1.	 In-state records were extracted from the NPDR for 2007–2011. Only records with a valid 
diagnosis date were extracted.

	 2.	All records were geocoded to the census tract level, and they were linked to environmental 
exposure data at the census tract level.

	 3.	Case-speci�c data from 2007 to 2011 were extracted from the enhanced Nebraska hospi-
tal discharge data (HDD) data that had the census tract information. Nine diseases were 
included: encephalitis, MS, Alzheimer’s, Huntington’s, ischemic stroke, pneumonia, dia-
betes, in�uenza, and PD. PD was excluded as a comorbidity condition. The Nebraska HDD 
data were then linked to environmental exposure data at the census tract level.

	 4.	A case-speci�c �le was generated by removing census tract identi�ers and other identi-
�able information. Only 10-year age groups, sex comorbidity indicators, and exposures 
were included.

	 5.	A county frequency count �le was generated with only age group and county identi�ers 
included. The age groups included were <35, 35–44, and every 10 years until 85 years old 
or over. There were 2075 PD cases from 2007 to 2011; among them, only 9 cases were in 
the 35–44 age group. If we used all of the population age 35+ years, then the crude rate 
would be 230.18 per 100,000. However, we decided to use all age 45+ years as the at-risk 
population. The crude rate was 314.81 per 100,000.

20.3  CLUSTER DETECTION AND EXPOSURE COMPARISON

20.3.1 G ENErAL CLUSTEr DETECTIoN

The Poisson spatial association model uses a window of adjacency matrix to systematically search 
for a spatial cluster. Since each county is centered just once, there are 93 likelihood ratio tests in 
the �rst round, and the task is to �nd the largest and most signi�cant one. Once the �rst cluster is 
detected, it likely reduces residual Moran’s I, and the next round of iteration is to �nd the second 
cluster. The process goes on until there is no signi�cant residual Moran’s I for autocorrelation. For 
simplicity and for comparing with the SatScan test, we only detected the cluster with the largest 
log-likelihood ratio test in the �rst round. The data were divided into four age groups (35–59, 60–69, 
70–79, and 80+). The corresponding county-level at-risk populations were based on the 2009 popu-
lation estimates. Note that four age groups by 93 counties equal 372 cells for incidence data. Due to 
data sparseness, there were 124 cells that had 0 cases, and 159 cells had less than 5 cases. The two 
together accounted for 76% of the county–age group combinations. We added 0.01 to each cell so 
that there would be no logs of 0. The cluster detection result may not be as robust as when most cells 
are populated with at least �ve incidence counts.

Figure 20.1 displays the PD distribution based on the crude PD incidence rate. Preliminary 
analysis found a single-region outlier of Lancaster County, which is an urban county. After 
removing this outlier, we found that the most signi�cant cluster was centered at Colfax County, 
of nine counties included (light blue in the �gure). If one inspects the map, the clustered area is 
not the darkest area or the area with highest crude rate. Nevertheless, the likelihood ratio test 
showed 49 deviance G2 with one degree of freedom, which was highly signi�cant. The odds ratio 
was 1.559 (95% con�dence interval [CI] 1.3778–1.764). The number of cases within the cluster 
was 304 out of the total 2075 cases. The corresponding at-risk population within the cluster was 
66,451 out of the total 659,034 population, resulting in a relative risk of 1.453 = ([304/66,451]/
[2,075/659,034]).

Since the spatial association test is based on a regular window, we also ran SatScan with irreg-
ular shape cluster detection (see the detailed results in Appendix 20A). The results were broadly 
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consistent. First, a Lincoln County outlier was detected by SatScan. Second, both SatScan and the 
spatial association test identi�ed Cuming, Dodge, Madison, and Stanton Counties in the clustered 
region. Third, common pesticides and herbicides were also identi�ed, which is discussed next.

Next, we compared 20 pesticides and herbicides within and outside of clustered areas using census 
tract as the unit for exposure. There were 43 census tracts within the clustered area and 489 outside 
the area. Three pesticides (carbaryl, carbofuran, and chlorpyrifos) and eight herbicides (including 
acetochlor, atrazine, butylate, paraquat, pendimethalin) were signi�cantly different between the two 
groups (Table 20.1). All of the pesticides and herbicides had higher concentrations within the clus-
tered area. Again, we have to be cautious not to interpret at this point, because environmental expo-
sure data have some uncertainties too. For instance, atrazine was a signi�cant factor. However, if one 
looks at the atrazine concentration map (Figure 20.2), the heavy use area is not in the clustered area. 
In fact, the high-usage areas are located in the middle and eastern regions of the state.

20.3.2  FoCUSED ASSoCIATIoN TEST

Most often, a focused test is aimed at a point source of pollution or exposure to detect a cluster 
surrounding it. However, one can conduct a more focused association test when the exposure 
area is known. For example, paraquat has been linked to PD in several studies. A focused asso-
ciation test would �rst identify paraquat clusters in the study area and then compare the PD 
cases within and outside of the clustered area. Figure 20.3 displays paraquat usage as exposure 
in 10 categories using the natural break classi�cation from ArcGIS. The circled area in light blue 
is a paraquat cluster according to the local indicators of spatial association (LISA) test adjusted 
for multiple testings. Since the LISA test also uses spatial neighbors, we would have nine neigh-
bors at most. We used the Bonferroni adjustment method, which multiplies the p-values by 9; 
if a p-value was <0.05, then it was signi�cant. The resultant paraquat cluster includes 16 coun-
ties. The mean usage within the cluster was 1.78 (95% CI 1.49–2.07), in contrast to 0.46 (95% 
CI 0.38–0.54) outside of the cluster. The likelihood ratio test was 10 G2 with one degree of 
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457.2–990.1

FIGURE 20.1  Crude PD rate per 100,000 by county in Nebraska: 2007–2011. PD_Cluster_SA is the most 
important cluster identi�ed by the Poisson spatial association model. At-risk population: The 2009 popula-
tion estimates age 35+ years from the Bureau of the Census. Cases: Nebraska Parkinson’s Disease Registry, 
2007–2011. Counties within the cluster: Butler, Cuming, Colfax, Dodge, Madison, Platte, Polk, Saunders, and 
Stanton, with the center being Colfax.
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FIGURE 20.2  County-level atrazine usage in Nebraska: 2005.

TABLE 20.1
Pesticide and Herbicide Exposures within and outside of the PD Cluster

Within Cluster Outside of Cluster

Exposure Mean 95% CI Mean 95% CI

Pesticides
Carbaryl* 0.88 0.63–1.14 0.17 0.13–0.21

Carbofuran* 0.37 0.21–0.52 0.17 0.14–0.20

Chlorpyrifos* 1.10 0.82–1.38 0.45 0.38–0.51

Phorate 0.51 0.35–0.67 0.29 0.16–0.43

Terbufos 0.06 0.05–0.08 0.12 0.08–0.15

Herbicides
24D 3.63 2.78–4.49 2.41 1.94–2.88
Acetochlor* 46.17 35.14–57.20 11.54 9.46–13.61

Alachlor 2.21 1.70–2.71 1.68 1.40–1.96
Atrazine* 52.54 40.09–65.00 21.54 18.24–24.84
Bentazone* 0.50 0.38–0.62 0.26 0.16–0.35
Bromoxynil* 0.29 0.21–0.37 0.14 0.12–0.17
Butylate* 3.53 2.69–4.37 0.69 0.53–0.85
Dicamba 0.56 0.43–0.70 0.48 0.38–0.58
EPTC 1.67 1.27–2.07 0.97 0.61–1.32
Ethal�uralin 0.03 0.01–0.04 0.03 0.01–0.06
Glyphosate* 70.44 54.48–86.40 29.38 25.28–33.47
Metolachlor 1.37 1.05–1.68 1.16 0.87–1.45
Metribuzin 0.49 0.34–0.64 0.34 0.27–0.42
Paraquat* 1.61 1.24–1.98 0.54 0.45–0.62
Pendimethalin* 5.18 3.39–6.97 1.68 1.32–2.03

Note:	 The exposures were based on census tract–level usage.
*Signi�cant difference between the level inside and outside of the cluster.
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freedom, suggesting that the effect was much weaker than that detected earlier for the PD clus-
ter, and the odds ratio showed a weak but signi�cant association (odds ratio [OR] 1.203, 95% CI 
1.078–1.341). Those residing inside of the cluster were 20% more likely to have PD than those 
living outside of the cluster.

20.4  USING CASE-CONTROL FOR EXPOSURE SURVEILLANCE

In this section, we use a case-control design to explore the relationship between the geographic 
distribution of PD and agriculture chemical exposures. Although long-term exposure should be 
used in the case-control study (Baldi et al., 2003; Dick et al., 2007), increased PD risk was also 
associated with a previous year of exposure to organic pesticides such as rotenone (Dhillon et al., 
2008). Following this approach, we left a 2-year lag by using 2007–2011 PD cases from the NPDR. 
However, we did not have controls readily available. Ideally, in spatial matching, we can identify a 
control subject by looking for a PD patient’s neighbor who does not have PD. However, we do not 
have access to such information from the general population. We decided to use HDD data because 
they are large enough and have corresponding years of data, and we can restrict controls to patients 
who had no PD. The next question is, which disease can be used as the control? The idea is to �nd a 
number of diseases similar to PD (so that PD and controls may come from the same patient popula-
tion). Although we were unable to �nd controls pertinent to PD in studies using clinical databases, 
Schull et al. (2005) used psychiatric conditions (dementia, psychoses, schizophrenia, bipolar dis-
orders, and paranoid disorders) as a control to examine emergency department (ED) visits due to 
major in�uenza-related conditions using ED claims data. In their study, the psychiatric group was 
not known to be related to in�uenza infection. We took a slightly different approach. We attempted 
to �nd diseases that are somewhat related to PDs, but are known to be not related to agricultural 
chemicals. In the absence of the empirical study, we relied on the work by Kukull and Bowen (2002) 
in the Oxford Textbook of Public Health. In that chapter, Alzheimer’s disease and ischemic stroke 
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FIGURE 20.3  (See color insert) Paraquat usage in kilograms by census tract in Nebraska: 2005. Paraquat_
HH is a high-value cluster based on the LISA adjusted for multiple testings. (Paraquat usage concentrations 
are from Wan, N., Applied Geography 56: 99–106, 2015.)
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are focal neurological diseases, whereas MS, PD, and diabetes are peripheral neuropathies. We 
selected four diseases as controls: MS, Alzheimer’s disease, ischemic stroke, and diabetes. They 
were all from the 2007–2011 hospital discharge data. International Classi�cation of Diseases, Ninth 
Revision (ICD-9) code 340 was used to select MS; code 3310 was used for Alzheimer’s disease. 
For ischemic stroke, we used the codes of 43491 and 43820. For diabetes, we used a set of codes 
for diabetes mellitus with complications (24901, 24910, 24911, 24920, 24921, 24930, 24931, 24940, 
24941, 24950, 24951, 24960, 24961, 24970, 24971, 24980, 24981, 24990, 24991, 25002, 25003, 
25010, 25011, 25012, 25013, 25020, 25021, 25022, 25023, 25030, 25031, 25032, 25033, 25040, 
25041, 25042, 25043, 25050, 25051, 25052, 25053, 25060, 25061, 25062, 25063, 25070, 25071, 
25072, 25073, 25080, 25081, 25082, 25083, 25090, 25091, 25092, and 25093).

Controls were selected from unique patients from the HDD who had a selected comorbidity 
condition, but did not have PD as a diagnosis for up to 10 diagnosis codes. For example, if we want 
to have MS as the control, we would select all the MS patients who did not have PD as one of the 
comorbidities. Through the exclusion criteria, we found that the HDD data had 3089 PD cases based 
on the ICD-9 diagnosis code of 332, which could also be used as cases. For this reason, we ran sepa-
rate models using these PD cases from the Nebraska HDD as cases while using the same control 
variables. Since NPDR does not have race and ethnicity variables, we could only use age and sex 
(Table 20.2) to adjust the odds ratio. The tabulations show that all controls were quite different in the 
age and sex distributions. PD cases were older and had more males in proportions.

We used a logistic regression in the case-control study. Due to a relatively high correlation among 
environmental exposures, we set correlation coef�cients to be less than 0.6 in a backward selection 
algorithm in SAS 10.2. It turned out that there was no signi�cant environmental exposure for MS, 
and we therefore only included Alzheimer’s disease, ischemic stroke, and diabetes in the results 
(Table 20.3).

When the cases were from NPDR (Table  20.3, �rst two columns) and the control was PD–
Alzheimer’s disease, a unit increase in terbufos pesticide was associated with a nearly 52% increase 
in having PD versus having Alzheimer’s disease. In contrast, dicamba was associated with a reduced 
effect on PD, which does not mean dicamba had a protective effect. Since the geographic distribu-
tion of dicamba depends on crops grown in the �eld, this result could only mean that areas with less 
use of dicamba had fewer PD cases. When the control was ischemic stroke, four herbicides were 
detected to have some associations.

When the cases were from the Nebraska HDD (last two columns of Table 20.3), acetochlor 
was associated with a 2.3 % increase in PD incidence, in contrast to Alzheimer’s disease. When 
the control was diabetes, acetochlor and ethal�uralin were associated with increased odds of 

TABLE 20.2
Age and Sex Distribution of Cases and Controls

PD-NPDR PD-HDD MS Alzheimer’s Ischemic Stroke Diabetes

Total N 2,075 3,889 1,868 6,380 8,421 14,129

Age Groups
<45 0.48 0.36 26.23 0.03 4.69 19.59

45–54 4 1.9 23.55 0.44 7.75 16.13

55–64 14.41 6.97 26.98 1.83 13.85 20.87

65–74 25.06 17.43 15.2 9.01 19.58 18.33

75–84 41.98 41.91 6.75 39.15 28.77 17.06

85+ 14.07 31.42 1.28 49.53 25.35 8.01

Males 55.28 53.07 23.93 34.08 47.42 52.18

Note:	 PD-NPDR, PD cases from the PD registry; PD-HDD, PD cases from the HDD.
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having PD. When the control was ischemic stroke, pendimethalin was associated with a minor 
reduction in PD.

When both NPDR and Nebraska HDD cases were considered, we found that acetochlor was 
associated about a 2% increase in PD in four out of six case-control combinations, while ethal�u-
ralin was signi�cant for three out of six case-control combinations. It should be pointed out that 
our surveillance used the backward selection method to �nd the most signi�cant pesticides and 
herbicides. Another way to conduct surveillance is to go through each pesticide and herbicide one 
at a time to identify a signi�cant single agent separately in the logistic model. For example, we 
found that paraquat was signi�cantly associated with a small increase in PD incidence (OR 1.063, 
95% CI 1.023–1.106) in the PD–diabetes case-control design, but not in any other case-control 
designs.

20.5  CONCLUSION AND DISCUSSION

In this chapter, we touched upon only the tip of the iceberg of environmental exposure and spatial 
surveillance. We used PD because of the unique dataset collected by the NPDR. Recognizing data 
quality issues, we attempted to methodologically associate PD with speci�c pesticides and herbicide 
exposures at the census tract level. It is possible to do so at a �ner geographic scale, but that would 
require a more detailed analytical study after surveillance results.

Given the methodological emphasis, we provided both cluster detection and case-control 
approaches to linking environmental exposures. A general cluster detection approach is to detect 
spatial clusters �rst, and then compare exposures within and outside the cluster. Using this 
approach, we found a PD cluster in the northeast part of Nebraska, where a set of agricultural 
chemicals can be differentiated. A more focused cluster detection was to identify a cluster of the 
known risk factor, such as paraquat, and then associate it with the incidence. Using the focused 
test, we found a signi�cant spatial cluster of paraquat in northeast Nebraska. We also learned that 
those residing inside of the cluster were 20% more likely to have PD than those living outside of 
the cluster.

TABLE 20.3
Pesticide and Herbicide Exposures Detected from the Case-Control Design 
for PD

Cases from NPDR Cases from Nebraska HDD

Alzheimer’s Disease
Dicamba 0.831 (0.758, 0.911) Acetochlor 1.023 (1.01, 1.036)

Terbufos 1.515 (1.175, 1.953)

Ischemic Stroke
Acetochlor 1.018 (1.001, 1.035) Pendimethalin 0.989 (0.98, 0.997)

Bentazone 1.238 (1.135, 1.35)

Dicamba 0.808 (0.735, 0.888)

Ethal�uralin 1.299 (1.075, 1.571)

Diabetes
Acetochlor 1.02 (1.006, 1.035) Acetochlor 1.027 (1.014, 1.039)

Ethal�uralin 1.291 (1.078, 1.547) Ethal�uralin 1.192 (1.015, 1.399)

Note:	 Each disease represents each control category, and it is estimated separately. All results are age and 
sex adjusted. All exposures are based on 2005 data; all cases and controls were based on 2007–2011 
data.
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The case-control design is nonspatial. It assesses if cases and controls could be differentiated 
by exposures that were observed in the past. We used the 2005 exposure data and 2007–2011 case-
control data. Furthermore, due to the lack of standard controls in a population, we tapped HDD 
data for control cases in MS, Alzheimer’s disease, ischemic stroke, and diabetes. Both acetochlor 
and ethal�uralin were associated with increased PD risk, and they were signi�cant in most cast-
control pairs. Interestingly, no signi�cant exposures were detected for the PD-MS case-control 
pairs. In a single-agent exposure surveillance, we found that paraquat is weakly associated with 
PD incidence.

One feature of this current study was to borrow expertise from the outside. As part of public 
health data infrastructure building, we wanted to generate �ne-scale agriculture exposures across 
the entire state. Since remote sensing and spatial data integration are expertise not typically pre-
sented within the public health agency, it was necessary to collaborate with outside experts. In total, 
20 exposure maps were generated on 1 × 1 kilometer grids, but we could have done a lot more. 
Examples include arsenic in water, lead poisoning in the built environment, radon, and radioactive 
materials typically regulated by the environmental health division within public health. In addition, 
more environmental exposure maps, such as agricultural pharmaceuticals, could be generated from 
the infrastructural building approach.

A major limitation of the current study is that environmental exposures of PD patients are 
unlikely to be acute and short term. In other words, exposures to PD could be accumulated over a 
long period of time, and using 1-year pesticide and herbicide exposure data requires a lot of implicit 
assumptions: the 2005 exposures represent at least a few years before and a few years after 2005. 
The PD registry patients stayed in the current address during the exposure period. Data gener-
ated by the data analyst from the Nebraska DHHS had high quality in terms of diagnosis dates 
and location variables, but they still suffered the problem of false positives. Given these warn-
ings, we made little attempt to interpret the detected geographic cluster and pesticides and herbi-
cides. Methodologically, however, we could explore further. For instance, we found that acetochlor 
appeared in cluster detection and case-control analyses. According to the CDC biomonitoring pro-
gram, acetochlor is a chloroacetanilide-type herbicide with restricted usage for preemergent control 
of grasses and broadleaf weeds on agricultural cropland. Acetochlor has low acute toxicity, but its 
human health effects at low environmental doses from low environmental exposures are unknown. 
Acetochlor has been associated with testicular atrophy, renal injury, and neurological movement 
abnormalities (USEPA, 2006). The U.S. Environmental Protection Agency (USEPA) considers ace-
tochlor likely to be carcinogenic in humans, but no ratings have been assigned with regard to human 
carcinogenicity. It seems that it might be worthwhile to further look into the relationship between 
PD and acetochlor exposure.

APPENDIX 20A: �RESULTS FROM SATSCAN TEST AND ASSOCIATED PESTICIDES 
AND HERBICIDES WITHIN AND OUTSIDE OF THE CLUSTER

The results from cluster detection found a single-region outlier of Lancaster County. In addition, 
it identi�ed two connected clusters using the elliptical shape option in SatScan. We used county 
boundary rather than the elliptical option to depict the clustered area. Since the SatScan separately 
reported two adjacent clusters, we connected them into one (light blue in Figure 20.3), and then ran 
a log-rate model to evaluate it jointly using the likelihood ratio test. The result showed the adjusted 
odds ratio of 1.698 for the cluster effect; with one degree of freedom, the area accounted for 56 
deviance, which was highly signi�cant. If one looks at the shape of the cluster, it goes along the 
Elkhorn River basin, which is one of the most intensely farmed areas in the state. The six counties 
in the clustered area are Holt, Madison, Stanton, Antelope, Cuming, and Dodge. The numbers of 
cases within the cluster was 229, out of the total 2075 cases. The corresponding at-risk population 
within the cluster was 43,864 out of the 659,034 total population, resulting in a relative risk of 1.658 
([229/43,864]/[2,075/659,034]). Note that relative risk is most often used in spatial cluster detection, 
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but the rate ratio inside and outside of the cluster is also used in place of relative risk. The rate ratio 
for the current cluster is 1.740 ([229/43,864]/[1,846/615,171]), which should always be greater than 
the relative risk in the presence of a high-value cluster. Mean exposures within and outside of the 
SatScan-detected PD cluster are listed in Table 20.A1.
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FIGURE 6.1  Poverty MOE to poverty rate ratio by census tracts in Nebraska: 2007–2011. The rate is the 
ratio of MOE divided by the poverty rate within each census tract. If the rate is greater than 100, the MOE is 
greater than the estimated poverty rate. The box below the state map is Omaha and its adjacent area. (From 
2007–2011 ACS 5-year data for poverty.)
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FIGURE 6.2  (a) Poverty rates in Douglas County (Omaha): 2006–2010. (b) Poverty rate clusters in Douglas 
County (LISA): 2006–2010.


	Front Cover
	Contents
	Preface
	Acknowledgments
	Authors
	1: Enhanced Public Health Program Collaboration through Data Integration
	Section I: Conceptual, Analytical, and Data Preparations for Health Disparity Assessments
	2: Common Population-Based Health Disparity Dimensions
	3: Common Public Health Data in a State Health Department
	4: Data Linkage to Gain Additional Information
	5: Indexing Multiple Datasets: A Bottom-Up Approach to Data Warehousing
	6: Using GIS for Data Integration and Surveillance
	7: Methodological Preparation for Health Disparity Assessment

	Section II: Health Disparity Surveillance Based on Hospital and Emergency Department Data
	8: SES Disparities in Hospitalization
	9: Sex Disparities in Hospitalization
	10: Rural–Urban Disparities in Hospitalization
	11: Racial Disparities in Hospitalization
	12: Using Emergency Department Data to Conduct Surveillance

	Section III: Data Integrations and Their Applications in Health Disparity Assessments
	13: Linking Cancer Registry Data to Hospital Discharge Data
	14: Mother Index and Its Applications
	15: Assessing and Managing Geocoding of Cancer Registry Data
	16: Sex Difference in Stroke Mortality
	17: Model Outcomes of Acute Myocardial Infarction (AMI) by Residence and Hospital Locations
	18: Disparities in Motor Vehicle Crash Injuries: From Race to Neighborhood
	19: Linking Cancer Screening and Cancer Registry Data for Outcome Assessments
	20: Linking Environmental Variables to Parkinson’s Disease

	Color Insert
	Back Cover



