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effects of the presence of airports and railway stations on the inter-prefecture invasion of influenza
A(HIN1)pdmO09, we used the Mann-Whitney U test at the 95% confidence level to examine whether
prefectures with and without a particular transport hub showed a significant difference in arrival day.
The same test was also applied to peak day.

The spatial stratified heterogeneity (SSH) of arrival day is realized by the Heihe-Tengchong
line (hereafter referred to as the Hu line [39]) (Figure 3c). To measure the degree of the stratified
heterogeneity [40], we stratified 340 prefectures based on the relative positions of their administrative
centers and the Hu line. Then, the SSH g-statistic for the stratified arrival days was calculated, and the
significance of the stratified heterogeneity was also tested with a significance level of 0.05 using the R
package geodetector [41]. Using the same procedure, we also assessed the assumption that there is
SSH in peak days stratified by the Hukun Railway (Figure 3d). Furthermore, to detect the determinant
power of transport hubs to the SSH of arrival day, the g-statistic and corresponding p value were
also calculated for the airports and railway stations factors, respectively. The same analysis was also
applied to peak day.
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Figure 3. The presence/absence (1/0) of (a) airports and (b) railway stations in prefectures, and the
distributions of (c) arrival days and (d) peak days for prefectures. The green line in (c) indicates the
Heihe-Tengchong (Hu) line, and the one in (d) indicates the Hukun Railway that connects Shanghai
and Kunming. The arrows illustrate that arrival days (or peak days) between prefectures with and
without airports (or railway stations) are compared using the Mann-Whitney U test, and their spatial
heterogeneity stratified by airports (or railway stations) are detected using g-statistic test.

2.5. Quantile Regression of Arrival Days on Passenger Volumes

Because there was large variance in passenger volumes across prefectures, log transformations
were conducted on the air, rail, and road passenger volume data to shrink their scales. We performed
Pearson’s correlation analysis to identify the associations between log-transformed passenger volumes
and arrival days for each transport mode.
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To examine the roles of transport modes in shaping the two peaks of the bimodal distribution of
arrival days (Figures 4 and 5a), we applied quantile regression to fit specified percentiles of arrival days.
Quantile regression, introduced by Koenker and Bassett [42], is distribution agnostic and capable of
modeling the entire distribution of the response. In contrast, standard ordinary least squares regression
only models the mean of the response. To consider the effect of prefectural locations on the spatial
spread of influenza A(HIN1)pdm09, latitudes and longitudes of their administrative centers were also
included as covariates. We therefore fitted the following multivariate quantile regression model to
assess the associations between different quantiles of arrival days and passenger volumes for multiple
transport modes in the 115 prefectures where data on all three transport modes were available:

Q< (yi) = Bo(T) + B1(T)Lat; + B2(T)Lng; + B3 () log(PAir;)

+B4(7) log(PRail;) + Bs(7) log(PRoad;), @

where y; is the arrival day in prefecture i (i = 1,...,115), T is the quantile level, and Q(y;) is the
corresponding conditional quantile of arrival days. B(7) denotes the intercept for quantile level 7.
Lat; and Lng; are the latitude and longitude coordinates of the administrative center in prefecture i.
log(PAir;), log(PRail;), and log(PRoad;) are the log-transformed air, rail, and road passenger volumes
(10,000 persons) in prefecture i, respectively, and B1(7), ..., B5(T) are the corresponding regression
coefficients for quantile level 7.

We separately fitted the quantile regression models for the quantile levels T = 0.25, 0.50, and 0.75.
To fully describe the bimodal distribution of arrival days, quantile process regressions for uniformly
spaced values of T in the interval (0, 1) with an increment of 0.05 were also fitted. The 95% confidence
intervals (ClIs) for coefficient estimates were calculated using the default “rank” method [43].

The quantile regression was implemented using R package quantreg [44]. All data analyses were
performed in R version 3.5.1 [45].

3. Results

3.1. Summary of Influenza A(HIN1)pdm09 Infections in Mainland China

The first case of influenza A(HIN1)pdm09 in mainland China was confirmed on 10 May
2009 as a Chinese student returning from the United States to Neijiang city, Sichuan province [29].
On 29 May 2009, the first secondary case of influenza A(HIN1)pdm09 in mainland China was
confirmed in Guangzhou city, Guangdong province [46]. Also in Guangzhou, the first untraceable
autochthonous case of influenza A(HIN1)pdmo09 in mainland China was confirmed on 11 June 2009 [47].
As shown in Figure 1c, the number of confirmed cases increased slowly from May 2009 to the end of
August 2009 with a small uplift around late June. Starting in September 2009, when the new school
term began, the number of confirmed cases increased substantially but decreased sharply during the
eight-day National Day holiday (1-8 October 2009). The number of confirmed cases then rebounded at
the end of the holiday period and peaked by the end of November 2009 (Figure 1b). By the end of April
2010, a total of 127,797 confirmed cases of influenza A(HIN1)pdm09, including 806 deaths, had been
reported to the Chinese Center for Disease Control and Prevention from 340 of all 341 prefectures; only
Yushu, a less populated prefecture in Qinghai province, reported no cases (Figure 3c).

3.2. Effects of Airports and Railway Stations on Influenza A(HIN1)pdmO09 Inter-Prefecture Spread and Peak

The arrival days and peak days for the 340 affected prefectures are summarized in Table 1.
The arrival days for the 340 affected prefectures ranged from 1-180 days (median: 119 days,
interquartile range (IQR): 61-136 days), while peak days distributed in a narrower range of 97-236 days
(median: 179 days, IQR: 163-198 days). Both the maps of arrival days (Figure 3c) and peak days
(Figure 3d) showed apparent SSH; most prefectures with earlier arrival days were located in the
southeast of the Hu line (g = 0.143, p < 0.001), whereas prefectures with relatively late peak times
were generally located below the Hukun Railway (g = 0.091, p = 0.002). Using a Pearson’s correlation
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coefficient test, no significant correlation between arrival day and peak day was found (r = —0.08,
p=013).

The distributions of arrival days and peak days by transport hub presence are shown in
Figure 4. The plots of arrival days show a bimodal distribution with two peaks. The first peak of
arrival days occurred around 40 days, while the second peak of arrival days occurred around 125 days.
The distribution of arrival days was different between prefectures with and without transport hubs.
Specifically, the two peaks were of similar intensity for prefectures with a transport hub, whereas
the second peak of arrival days was greater than the first for prefectures without a transport hub.
The plots of peak days have a less distinctive double-peak feature. The first smaller peak occurred
around 125 days, and the second larger peak occurred around 175 days—before the end of November
2009. There was no apparent difference in the distribution of peak days between prefectures with and
without airports. However, the distribution of peak days changed less abruptly for prefectures without
railway stations than with.

Table 1. Summary statistics of arrival days and peak days for 340 affected prefectures in
mainland China.

Arrival Day ? Peak Day
Category
Min Q1 Median Q3 Max Min Q1 Median Q3 Max
All (340) 1 61 119 136 180 97 163 179 198 236

With (155) 4 41 106 134 180 113 162 180 196 228
Without (185) 1 75 120 136 175 97 164 179 199 236

Railway With (234) 1 53 111 129 175 97 163 179 196 236
station ~ Without (106) 17 93 128 140 180 117 164 181 199 236

@ Arrival day and peak day are calculated as starting from 10 May 2009, the date of the first confirmed case reported
in mainland China.
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Figure 4. Violin plots of arrival days and peak days between prefectures with (in red) and without
(in cyan) airports (or railway stations). Box plots are embedded into violin plots to add summary
statistics. The dark red points represent the mean arrival days (or peak days). * p < 0.05; ** p < 0.001;
NS., not significant for comparing arrival days (or peak days) between prefectures with and without
transport hubs using a Mann-Whitney U test.

346



IJERPH 2019, 16, 222

Among the 340 affected prefectures, 155 (45.6%) prefectures with airports were generally affected
earlier than the other 185 (54.4%) prefectures without airports (median arrival days: 106 days versus
120 days; Mann-Whitney U test, p = 0.005, see Figure 4). In contrast, no statistically significant
difference in peak day between these two groups was found (median: 180 days versus 179 days;
Mann-Whitney U test, p = 0.87, see Figure 4). The railway station results were similar to the airport
results. There was a statistically significant difference in arrival day between the 234 (68.8%) prefectures
with railway stations and the 106 (31.2%) prefectures without (median: 111 days versus 128 days;
Mann-Whitney U test, p < 0.001, see Figure 4). By contrast, no statistically significant difference in peak
day was detected between these two groups (median: 179 days versus 181 days; Mann-Whitney U test,
p = 0.42, see Figure 4). The SSH g-statistic showed consistent results with the Mann-Whitney U test.
There was significant stratified heterogeneity in arrival day for both stratifications of airports (g = 0.031,
p = 0.001) and railway stations (7 = 0.042, p = 0.002), whereas no significant stratified heterogeneity
in peak day was detected for the stratifications of airports (g = 0.000, p = 0.897) or railway stations
(9= 0.003, p = 0.817). The difference in median arrival day between prefectures with and without
transport hubs was ~2 weeks (120 days versus 106 days for airport; 128 days versus 111 days for
railway station). Additionally, there was approximately a one week lag in median arrival day when
comparing the corresponding analysis of railway stations with airports (111 days versus 106 days for
prefectures with transport hubs; 128 days versus 120 days for prefectures without transport hubs).
By comparison, the median peak was around 180 days irrespective of the presence of transport hubs in
the prefectures (Table 1).

3.3. Roles of Transport Modes in Inter-Prefecture Spread of Influenza A(HINT)pdm09

The correlations between arrival days and log-transformed passenger volumes by transport
modes are presented in Table 2. For each transport mode, log-transformed passenger volumes were
negatively correlated with arrival days across prefecture groups, but the relationships were significant
in all prefecture groups except for the 20 prefectures with only air and road transport (r = —0.32,
p = 0.17 for air travel; r = —0.34, p = 0.14 for road travel).

Table 2. Pearson correlation coefficients between arrival days and log-transformed passenger volumes
by transport modes in 334 prefectures.

Transport Modes (No. of Prefectures) log(PAir) log(PRail) log(PRoad)
Air + Rail + Road (115) —0.58 *** —0.47 *** —0.60 ***
Air + Road (20) 032 - —0.34
Rail + Road (140) - —-0.17* —0.25 **
Road (59) - - —0.54 ##+

Note: log(PAir), log(PRail), and log(PRoad) are the log-transformed air, rail, and road passenger volumes
(10,000 persons) in each prefecture. * Correlation coefficient is significant at the 0.05 level (2-tailed), ** for 0.01, and
*** for 0.001. All values are rounded to two decimal places.

As previously shown in Figure 4, mainland China experienced two distinct phases of
inter-prefecture spread of influenza A(HIN1)pdm09. To examine the roles of different transport modes
in these two spread phases, we focused our analyses on the 115 prefectures where all three transport
modes were available. As shown in Figure 5a, the distribution of arrival days in 115 prefectures
was bimodal with two peaks at approximately 40 (20 June 2009) and 125 (15 September 2009) days.
The respective peaks coincided with a small uplift (Figure 1c) and a sharp increase (Figure 1b) in the
daily influenza A(HIN1)pdm09 incidence in mainland China. These two phases (I and II) with peaks at
the 0.25 and 0.75 quantiles of arrival days were split by the 0.50 quantile (80 days since 10 May 2009, i.e.,
approximately 1 August 2009) (Figure 5a). The associations between the 0.25, 0.50, and 0.75 quantiles of
arrival days and passenger volumes for the different transport modes in 115 prefectures are presented
in Table 3. Irrespective of the quantile level 7, latitude coordinates for affected prefectures were
significantly positively associated with arrival day, whereas longitude coordinates were significantly
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negatively related to arrival day. After adjusting for the geographic locations of prefectures, both air
and road passenger volumes in log-scale were significantly negatively associated with arrival day for
T = 0.25, 0.50, and 0.75. By contrast, log-transformed rail passenger volumes were also negatively
associated with arrival day across the three quantile levels; however, the association was significant
only for T = 0.75 (regression coefficient = —5.42, 95% CI: —16.80, —0.45). As indicated by the pseudo
R?, the quantile regression model for T = 0.50 explained the most variance in arrival days (45%).

Table 3. Multivariate quantile regression showing the associations between the 0.25, 0.50, and 0.75
quantiles of arrival days and passenger volumes of three transport modes in 115 prefectures.

Variables 2 T=0.25 T =0.50 T=0.75
Intercept 274.08 (222.13, 344.09) b 295.84 (201.19, 381.45) 256.25 (189.21, 457.03)
Lat 1.95 (1.30, 3.69) 1.78 (1.36, 3.34) 2.29 (1.00, 4.06)

Lng —1.38 (—1.83, —0.46) —1.15(—2.22, —0.55) —0.80 (—2.33, —0.33)
log(PAir) —7.23 (—10.75, —0.38) —9.54 (—15.13, —4.81) —12.10 (—14.90, —6.12)
log(PRail) —1.99 (—12.41,0.97) —6.18 (—14.41,1.99) —5.42 (—16.80, —0.45)
log(PRoad) —9.04 (—15.52, —3.05) —7.58 (—15.41, —1.37) —6.73 (—15.35, —0.23)

R%¢ 0.33 0.45 0.41

@ Lat and Lng are prefectural latitude and longitude coordinates. log(PAir), log(PRail), and log(PRoad) are the
log-transformed air, rail, and road passenger volumes (10,000 persons) in each prefecture. b All regression coefficients
are rounded to two decimal places. Numbers in parentheses are 95% confidence intervals. ¢ Pseudo R? are reported
for quantile regression.

(a) (b)
0.020 :
Phase | \ Phase Il Iog(PAlr)
: ) ; 10
I i |
0015 | | ' 5
11=0.25 171=0.75
I 0" o
E ' 1=0.5] mean 1 %
B i W | S s
0.010 Q2
5 ' i : © /
" m :: HNH 3 —_/
IR W P 4
0.005 i N RN O _i;5
/ I - | :
/ i | N
I | |
i | |
L B P S .
0 20 40 60 80 100 120 140 160 00 01 02 03 04 05 06 07 08 09 1.0
Arrival days Quantile level
(c) (d)
log(PRail) log(PRoad)
10 10
5 5
) 0 ® 0
2 2
c c
2 -5 2 -5
5} o] \_/\//\/\
k= =
% -10 ® -10
o o
© 5 © s
-20 -20
-25 -25
0.0 01 02 03 04 05 06 07 08 09 1.0 0.0 01 02 03 04 05 06 07 08 09 1.0
Quantile level Quantile level

Figure 5. Quantile process regression of arrival days in 115 prefectures. In (a) the density plot of
arrival days, the red, green, and blue vertical lines indicate, respectively, the T = 0.25, 0.50, and 0.75
quantiles of arrival days, whereas the dark green vertical line indicates the mean arrival days. In
quantile process plots for log-transformed air (b), rail (c), and road (d) passenger volumes, the blue
curves and shaded areas represent the quantile regression coefficients and 95% confidence intervals.
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The quantile process plots of the three transport modes shown in Figure 5 further demonstrate the
change in quantile regression coefficients and 95% CIs as a function of quantile level 7. As T increases,
the regression coefficient of log-transformed air passenger volume decreases, whereas the regression
coefficient of log-transformed rail passenger volume increases slightly before T = 0.25, then decreases.
Yet, the regression coefficient of log-transformed road passenger volume is constant prior to 7 = 0.4,
then increases slightly with the increase of 7. We further observed that the negative associations
between log-transformed air passenger volume and the lower quantiles of arrival day appear to be
insignificant because the upper confidence limits are greater than 0 for quantile levels less than 0.25.
Likewise, log-transformed rail passenger volumes significantly negatively affected >0.70 quantiles of
arrival days.

4. Discussion

To understand the roles of different transport modes in the spread of the 2009 influenza A(HIN1)
pandemic between prefectures across mainland China, this work used arrival day and peak day to
characterize the pandemic spread and evaluated the influence of travel-related factors on it. During
the entire invasion period of the virus, road travel consistently played a significant role. Rail travel
played an insignificant role during phase I but significantly affected the inter-prefecture spread during
phase II. The role of air travel became more important as the virus spread.

4.1. Two Phases and Direction of Influenza A(HIN1)pdm09 Spread between Prefectures

While a pronounced double-wave feature in the daily epidemic curve was barely noticeable
prior to the National Day holiday, the remarkably bimodal distribution of arrival days suggests that
the inter-prefecture spread of influenza A(HIN1)pdm09 across mainland China had two distinct
phases that were split at approximately 1 August 2009. Interestingly, the phase I of spatial spread
coincided with the early containment phase of the 2009 pandemic when an individual case-based
surveillance was implemented until mid-July 2009 [48]. Our results suggest that containment measures
successfully suppressed the increase in influenza A(HIN1)pdm09 incidence during phase I but failed
to restrict its spatial expansion. Consequently, individual case-based surveillance was terminated
by mid-August 2009 [48], which made the inter-prefecture of influenza A(HIN1)pdm09 easier
during phase II. Additionally, according to the associations between school openings and influenza
A(HIN1)pdm09 transmission found in the US [49,50], school openings in early September 2009 may
have also contributed to the second peak of influenza A(HIN1)pdmO09 spread between prefectures.

Quantile regression analyses showed that the arrival time of influenza A(HIN1)pdm09 in an
individual prefecture was always significantly negatively and positively associated with prefectural
longitudes and latitudes, respectively, regardless of spread phase. These results suggest that the
virus generally spread from the southeast to the northwest of mainland China, which confirms
previous findings [33]. The observed direction of spatial spread reflected the fact that, during the
early containment phase, a large proportion of international-travel related cases were imported into
mainland China via international airports in eastern coastal cities, particularly those in Guangdong
and Fujian provinces [33,48]. From there, the infection was disseminated to the other parts of mainland
China. This fact was also partially responsible for the earlier presence of influenza A(HIN1)pdm09 in
prefectures located in the southeast of the Hu line. Another factor strongly related to this phenomenon
was the obvious spatial heterogeneity of the population distribution stratified by the Hu line. In the
southeast of the Hu line, 93.9% of the population in 2015 live in 42.8% of the area, and the population
density is 314.9 people/km?, 20.5 times that of the other side [51]. As a result, significant stratified
heterogeneity of arrival day was detected for the stratification of the Hu line, whose determinant
power was as much as 14.9%.
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4.2. Impact of Transport Hubs on Arrival Day and Peak Day

The lack of significant correlation between arrival day and peak day among the 340 affected
prefectures indicates that the early arrival of influenza A(HIN1)pdm09 was not associated with early
peak incidence as one might expect. Specifically, the peaks in prefectures above the Hukun Railway
were concentrated before the end of November 2009, which was approximately two months earlier than
the typical peak of seasonal influenza epidemics in Northern China (January-February) [52]. This is
because, as a novel virus to which humans have little immunity, influenza A(HIN1)pdmO09 is associated
with high mortality and can spread more quickly than mild seasonal influenza epidemics [12]. It is
interesting to note that the apparent difference in peak time of the influenza pandemic was delineated
by the Hukun Railway rather than 27° N, which was suggested by Yu et al. [52] for identifying
epidemiological regions characterized by distinct influenza seasonality in China. This discrepancy
may be because Yu et al. conducted their analysis at the province level by aggregating sentinel
hospital-based influenza surveillance data. This emphasizes the need to characterize the influenza
seasonal patterns in China at the prefecture level.

The presence of airports or high-ranking railway stations in prefectures significantly advanced
arrival day but had no evident impact on peak day. This finding is also confirmed by the SSH
g-statistic test; 3.1% and 4.2% of the SSH of arrival day were attributed to airports and railway stations.
On the contrary, the almost zero determinant powers of both airports (g = 0.000) and railway stations
(g = 0.003) to peak day suggest that the spatial heterogeneity of peak day was not associated with the
presence of transport hubs. A possible explanation for this difference might be that, because airports
and railway stations are suitable proxy variables for air and rail travel, the arrival of passengers
increased the probability of transmitting influenza A(HIN1)pdm09. However, once these prefectures
were affected, peak of transmission within a prefecture was more likely to be determined by local
environmental factors such as humidity and temperature [52-54]. More specifically, experimental
studies indicate that aerosol transmission of influenza A(HIN1)pdmO09 is sensitive to temperature
and humidity [55]. Our previous analyses also suggested that absolute humidity was the dominant
meteorological factor associated with spatial spread of influenza A(HIN1)pdm09 across mainland
China [56]. Furthermore, prefectures with airports or high-ranking railway stations generally have
high population density and greater mobility. Therefore, the approximate two week lag in arrival
day between prefectures with and without transport hubs suggests that influenza A(H1IN1)pdm09
might spread rapidly and hierarchically among populous cities and then to less populated areas across
mainland China, which may resemble the spatial spread patterns previously described for seasonal flu
in the US [12]. This proposed pattern is supported by a study on human travel patterns in mainland
China, which also suggested that a pandemic emerging in more developed areas might be expected
to spread more rapidly [57]. In addition to timing, a recent study indicated that urbanization and
humidity have strong influences over the epidemic intensity of influenza [58].

4.3. Roles of Transport Modes in Inter-Prefecture Spread of Influenza A(HIN1)pdm09

The negative quantile regression coefficients of air and rail passenger volume on arrival day
supported our hypothesis that air and rail travel accelerated the inter-prefecture spread of influenza
A(HIN1)pdm09 across mainland China. The most interesting finding was that both air and road
travel played a significant role in accelerating influenza A(HIN1)pdm09 spread between prefectures
across phases I and II, whereas the coefficient for rail travel was only significant during phase II.
This finding could be explained by the fact that after entering mainland China, numerous international
travel-related cases continued to travel back to their hometowns by air and road. Thus, the role of
rail travel was not apparent during phase I. Meanwhile, students returned to school at the start of
the new term in early September 2009, and increased student mobility led to the increase in influenza
A(HIN1)pdmO09 transmission at that time. In particular, college students mostly undertook trans-city
travel, for which railway is the dominant transport mode in mainland China [26]. Thus, the role
of rail travel became more important during phase II. To our knowledge, the dynamic effects of
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transport modes on influenza A(HIN1)pdm09 spread only were reported for road traffic in a local
study conducted in Changsha city [32].

Regarding the roles of air and road travel in the spatial spread of influenza A(HIN1)pdm09 across
mainland China, our results are consistent with [33]. However, it should also be noted that our findings
on the role of rail travel is contrary to that of Fang et al. [33], who found an insignificant association
between counties intersected by railways and virus arrival. Despite the different transport-related
variables and statistical methods used, this inconsistency may be mainly attributed to the difference
in spatial scales of investigation. Our study was conducted at the prefecture level, whereas theirs
were carried out at the county level. As noted by Dai and Jin [26], transport modes have different
competing advantages for different distances, and railway is the dominant mode for intermediate
and long-range travel between cities in mainland China. Therefore, the distance between counties is
too short to examine the role of rail travel in the spatial spread of influenza A(HIN1)pdm09. Instead,
assessing roles of different transport modes at the prefecture level is appropriate because it can
avoid two situations—the coarse data available at the provincial level would inadequately describe
the spatial spread of the pandemic, and the insufficient number of cases at the county level would
result in unreliable epidemic curves that are used to derive the spatial patterns of pandemic spread.
Furthermore, the difference in spatial scales of investigation may also partially explain the controversy
between Viboud et al. [12] and Brownstein et al. [10] regarding the drivers of seasonal influenza spread
in the US. It can therefore be suggested that influenza propagation is driven by different transport
modes at different spatial scales; while air travel plays a role in long-range dissemination across
regions, between-state or even between-city spread is driven by short-distance commutes.

4.4. Limitations and Prospect

Our study had several limitations. First, due to resource limitations in case identification and
outbreak investigation, the reporting criteria for case-based surveillance changed from individual
cases regardless of clinical severity to hospitalized cases by mid-August 2009 [48]. Arrival days
after mid-August 2009 tended to be biased because mild and asymptomatic patients might not have
sought hospital care. The underreported cases during the later stage of the pandemic, particularly
the large drop in case number due to the National Day holiday, may also have influenced peak day
estimation. Moreover, annual passenger traffic data available for 2009 were used to examine the roles
of transport modes in the inter-prefecture invasion of influenza A(HIN1)pdm09 for May—November
2009. Using monthly transportation data from the invasion period, or even data corresponding to the
quantiles of interest for arrival day, could improve model performance. Finally, although regression
coefficients for the different transport modes can be directly compared based on their magnitudes, we
were unable to draw a definite conclusion about the relative importance of different transport modes
for accelerating the inter-prefecture spread of influenza A(HIN1)pdm09.

To address such a challenge, a multiscale mobility network based on human mobility patterns
in China needs to be established. The mobility network should be comprised not only of long-range
airline and short-distance road traffic flows but also of intermediate and long-range rail travel
flows. Additionally, sophisticated mathematical models with considerations given to administrative
hierarchy of population and human travel rules should also be developed to better simulate the
spread of pandemic influenza across China. The hybrid model combining meta-population and
agent-based models proposed by Weng and Ni [35] seems to be a direction worth exploring further in
future research.

5. Conclusions

We conclude that, in addition to air and road travel, rail travel also played a significant role in
accelerating the inter-prefecture spread of influenza A(HIN1)pdm09 across mainland China. Our study
provides evidence that the role of different transport modes in the spatial spread of influenza should be
evaluated at the appropriate spatial scale. Our findings suggest that establishing a multiscale mobility
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network that considers the unique competitive advantage of rail travel for mid to long distances is
essential to understanding pandemic influenza spread and to informing control strategies for future
pandemics in China.
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Abstract: The exposure to green space in early life may support better cognitive aging in later life.
However, this exposure is usually measured using the residential location alone. This disregards
the exposure to green spaces in places frequented during daily activities (i.e., the ‘activity space’).
Overlooking the multiple locations visited by an individual over the course of a day is likely to
result in poor estimation of the environmental exposure and therefore exacerbates the contextual
uncertainty. A child’s activity space is influenced by factors including age, sex, and the parental
perception of the neighborhood. This paper develops indices of park availability based on individuals’
activity spaces (home, school, and the optimal route to school). These measures are used to examine
whether park availability in childhood is related to cognitive change much later in life. Multi-level
linear models, including random effects for schools, were used to test the association between park
availability during childhood and adolescence and cognitive aging (age 70 to 76) in the Lothian Birth
Cohort 1936 participants (N = 281). To test for the effect modification, these models were stratified by
sex and road traffic accident (RTA) density. Park availability during adolescence was associated with
better cognitive aging at a concurrently low RTA density (3 = 0.98, 95% CI: 0.36 to 1.60), but not when
the RTA density was higher (3 = 0.22, 95% CI: —0.07 to 0.51). Green space exposure during early life
may be important for optimal cognitive aging; this should be evidenced using activity space-based
measures within a life-course perspective.

Keywords: green space; road traffic accidents; cognitive aging; activity space; life-course perspectives;
environmental exposures

1. Introduction

The neighborhood environment during early life may be important for mental health [1] and
cognitive aging [2], given that this is a period of heightened brain plasticity in childhood [3] and
behavioral development in adolescence [4] (see Figure 1 in [5]). Green space may play a role in
cognitive development, with several studies finding an association between higher exposure to
green spaces and better childhood academic performance [6-8] and social, emotional, and behavioral
outcomes [9]. Evidence for the association between green space and improved cognitive development
being mediated through lower air pollution has been presented [8,10], although other distinctive
benefits to cognitive health have been proposed. Green space may have a positive effect on a child’s
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cognitive development by providing a space for physical activity [11] and by moderating the impact of
life stress and adversity [12], as well as indirectly through reduced stress in the child’s caregiver [13].
Both increased physical activity and reduced stress could increase educational involvement and
attainment throughout life and could, therefore, boost cognitive reserve; this, in theory, could create a
buffer against a future decline in cognitive function in later life [14].

A number of studies have also found a greater availability of green space in adulthood to be
associated with higher cognitive function [15]. Only one study has been longitudinal, spanning 14 years
in later life and using a baseline measure of the green space contact (daily vs. rarely gardening) [16].
Given the difficulty of continuously measuring contact with the natural environment throughout life,
there is a lack of evidence on whether the green space can have lifelong effects on cognitive aging. We
previously created a measure of the lifelong exposure to green space (park availability) from childhood
to later adulthood in areas across the Edinburgh region of Scotland. Using this measure, we found that
the higher childhood residential-based park availability was associated with a slower rate of decline in
cognitive function from age 70 to 76, conditional on the sustained availability in adulthood [2]. Whilst
this life-course research was an important advance in terms of understanding how environmental
circumstances in childhood can have lifelong implications for health, the approach relied on simplistic
residential-based measures of green space exposure, based solely on the participants” residential
location. Exposure based on residential location can be prone to misclassification bias, due to the
movement of people outside of their neighborhood for work, school, or recreation [17,18]. Areas where
people travel to and from during their daily activities are termed the ‘activity space’. One previous
study investigated the association between activity space greenness and the cognitive development in
children and found that a higher level of greenness surrounding the school, home, and on the child’s
route to school was associated with a greater improvement in the 12-month working memory and
attentiveness [8].

This paper seeks to combine the approaches of these two studies [2,8] by using an activity space
measure of the green space in the same life-course model of cognitive aging published previously [2].
In doing so, the paper simultaneously addresses key aspects of contextual uncertainty that have
threatened to undermine the robustness of studies examining the connections between health and
places. Firstly, we developed a measure of exposure that moved beyond simple residential estimates
by also using information on the availability of green space (identified as the area of public parks
within a buffer zone) nearby the school and the route to school. This more sophisticated measure of
the exposure was then used in a life-course model as a predictor of the cognitive aging in later life [2].

The conceptual model shows that the childhood activity space can be defined by geographic
locations around the home, primary and secondary school, recreation spaces, and the routes between
these areas. The movement around these locations is influenced by demographic characteristics
(e.g., age) and the parental perceptions of space (e.g., safety). Activity spaces for childhood life stages
(e.g., infancy) determine the exposure to urban green space (e.g., public parks), which can influence
healthy cognitive aging, after accounting for green space access in later life and socioeconomic status.

While we may assume a certain spatial extent of mobility around certain points of interest
(i.e., home and school), the actual movement is influenced by factors such as age, sex, and the parental
perception of traffic safety [19]. We, therefore, hypothesized that being female [20], of a lower age, and
living in an area with a higher number of Road Traffic Accidents (RTAs) (as a proxy for the parental
perception of traffic safety [19]), would limit the activity space, reduce the exposure to green space,
and attenuate associations with cognitive aging in later life. To test these hypotheses, we divided
the estimates of the exposure to public parks into childhood (age 4-11) and adolescence (age 11-18)
categories and used these as the primary predictors in a multi-level regression model. Our first aim
was to determine whether the availability of public parks in childhood and adolescence was associated
with cognitive aging later in life. Our second aim was to determine whether these associations were
modified by the sex of the participant or by RTA levels in early life activity spaces. The conceptual
model is detailed in Figure 1.
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2. Materials and Methods

2.1. Study Design and Setting

The Lothian Birth 1936 (LBC1936), based within and around the British city of Edinburgh, follows
a subgroup of community-dwelling older people, most of whom took a test of their general intelligence
in 1947 (at age 11) as part of the Scottish Mental Survey 1947 (SMS1947; N = 70,805). The cohort
participants were re-contacted between 2004 and 2007 if they were identified from the Community
Health Index (GP-registered individuals) and/or through media adverts; from 2318 responses, 1091
were eligible for wave 1 data collection, at a mean age of 70 years [21-23]. The interviews were held at
the Wellcome Trust Clinical Research Facility at the Western General Hospital in Edinburgh. To assess
residential movement throughout life, the participants were asked to complete a decade-based “life
grid” questionnaire (see Supplementary Materials Figure S1) at a mean age of 78 (July 2014-April 2015).
The life grid questionnaire technique minimizes recall bias by encouraging the participant to input
global and local events as memory prompts [24]. Participants in the LBC1936 at age 78 (N = 704) were
requested to provide a residential address for each decade from the 1930s onwards. The completion of
the life grid questionnaire was 84% (N = 593/704).

2.2. Measures of the Green Space and Road Traffic Accidents

The “Civic Survey and Plan for the City & Royal Burgh of Edinburgh” was published in 1949 and
includes surveys of population, education, recreation, housing, green space, and traffic from the 1940s,
as well as a number of associated maps of these data [25]. We digitized the area of public parks using
Map 9 as our measure of childhood green space for the LBC1936 [24]. We also digitized a public park
measure from adulthood (1969; the participant mean age of the LBC1936 participants was 33) using
data collected by the Town Planning Department, Edinburgh [26]. Further details on these data and the
strengths and limitations are presented elsewhere [24]. The road traffic accident point locations were
available from 1937 and 1946 in Map 13 [25] and were georeferenced using ArcGIS. Kernel Density
Estimation (KDE) was used to create a continuous surface based on the locations of RTAs. The KDE
divides the area containing RTAs into 100 by 100 m cells, then provides a proximity-weighted (a 1500
m search radius was used as the hypothesized upper-end distance that a child might walk, i.e., a
30-min walking distance) estimate of the density of accidents per km?.

2.3. Linking the Measures of Parks and the Road Traffic Accident Density to the LBC1936

The participants were eligible for the current analysis if they had an Edinburgh-based address from
1936-1952 (N = 311) and at least one address during adulthood (N = 281). The locations they resided in
for the longest duration between 1936 and 1952 were used as their home location so that each participant
had only one childhood home address. The locations of primary and secondary schools in Edinburgh
were identified from the survey of Abercrombie and Plumstead (1949) and were georeferenced, which
we linked to the name of the school that the participant attended. We simulated an optimal route to
school based on contemporary Google Maps (2017) walking directions using the “ggmap” package in R
3.3.2. To estimate the public park availability, we created a buffer (1000 m) surrounding the participant’s
home, primary school, and secondary school. The intersection between the buffer and the public parks
determined the availability (i.e., the area of the parks within the buffer as a percentage of the total buffer
area). We created a buffer surrounding the route to school and the availability of public parks was
assessed by the intersection, as above. Where the route and the home or school buffer overlapped, the
overlap was discounted, to avoid overestimation. The road traffic accident density was estimated by
using the values from the density surface at the home and school points.

2.4. Childhood and Adolescence Activity Space-Derived Green Space and Road Traffic Accident Density

In summary, we gained eight measures of the environment for each participant, including the
public park availability for the home, primary school, and secondary school, the route from the home
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to the primary school, the route from the home to the secondary school, and the RTA density around
the home, primary school, and secondary school.

From these measures, we built two public park indices: The childhood index (age 4-11), which
consisted of the park availability at the home, primary school, and on the route to primary school; and
the adolescence index (age 11-18), which consisted of the park availability at the home, secondary
school, and on the route to secondary school. We weighted each variable in the index by the
hypothesized average daylight hours (12 h) spent in each home (3 h), school (8 h), and on the route
to school (1 h), as defined in a previous study [8]. In a sensitivity analysis, we created the childhood
and adolescence indices for the following activity space buffers: Large (home: 1500 m, school: 1500 m,
route: 300 m) and small (home: 500 m, school: 500 m, route: 100 m). The largest buffer size (1500 m)
was determined by data on the typical distances traveled to city parks in the survey conducted in 1969,
which found that approximately 90% of the 500 people surveyed traveled up to 1.6 km to reach public
parks within the city [26].

Road traffic accident indices were constructed by applying the same temporal weighting as above
so that we had RTA indices for childhood and adolescence to match with the public park indices.
These indices were categorized as high and low by the median. All georeferencing was undertaken
using ArcMap 10.1 GIS software (ESRI, Redlands, CA, USA) and the geoprocessing was undertaken in
R 3.3.2 (R Foundation for Statistical Computing, Vienna, Austria).

2.5. Outcome: Change in Cognitive Function

Age-standardized test scores for the Moray House Test no. 12 (MHT) were used as the measure
of cognitive function at the mean ages of 70 and 76 [27]. This is the same test that participants had
taken in the Scottish Mental Survey 1947 at the mean age of 11 years old. The MHT contains 71 items
on a range of mental tasks (e.g., following directions, reasoning, arithmetic) and had a maximum
score of 76. It is a paper-and-pencil test and there is a time limit of 45 min. The concurrent validity in
childhood is shown by a correlation of about 0.8, with an individually-administered Terman-Merrill
revision of the Stanford Binet test [27]. The MHT has concurrent validity in older age, as seen by
a high correlation with the Wechsler tests of intelligence [28]. The change from age 70 to age 76 in
cognitive function was determined by calculating the standardized residuals, which were predicted
using a linear regression model with the latter time point as the dependent variable and the earlier time
point as the independent variable. This change score was interpreted as the deviation from what was
expected, given the prior test scores, so that a positive coefficient was a better than expected change
and a negative coefficient was a worse than expected change.

2.6. Covariates

The relationship between park availability and cognitive function could be affected by
socioeconomic status [29]. Therefore, in the models, we used the father’s Occupational Social
Class (OSC) as a covariate to represent the childhood socioeconomic status. This variable was
created by classifying the father’s occupation into one of the following categories: I: “Professional”,
II: “Managerial and technical occupations”, IIIN: Skilled occupations, non-manual”, IIIM: “Skilled
occupations, manual”, IV: “Partly skilled occupations”, and V: “Unskilled occupations”. This was
then dichotomized into professional-managerial (I, II) and skilled, partly skilled, unskilled (IIIN,
IIIM, 1V, V) categories. We also used the questionnaire response on the number of people per room
in the childhood home, asked at age 70, to further account for the childhood socioeconomic status.
For the socioeconomic status during adulthood, we used the participant’s OSC coded in the same
way. We also used several variables relating to behavior (i.e., childhood smoking, adulthood smoking,
and adulthood alcohol consumption), which are often associated with socioeconomically patterned
geographical variables [30], proposed to be on the pathway between environmental variables and
cognitive health [5]. Further details on the operationalization of covariates are provided elsewhere [2].
The percentage of missing information for covariates and outcomes was low (<6%) and was assumed
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to be missing at random. We used multiple imputation by chained equations, using the “mice” R
package with selected auxiliary variables known to be associated with the outcome and covariates, to
create 20 complete datasets [2]. The results presented are the pooled estimates from these datasets.

2.7. Statistical Analysis

We developed multi-level linear regression models, clustering participants within their schools,
to account for the structure of the data. We used the participant’s primary or secondary school as a
random effect. It was previously found that the relationship between the childhood park availability
and later adulthood cognitive function is modified by the adulthood park availability [2], with this
model being the best fitting out of a number of other candidate life-course models (Supplementary
Materials Figure S2). Therefore, we used the participants’ home addresses from 1953-1989 (i.e., the
mean of the park availability surrounding each home location) to create a multiplicative interaction
variable (with the buffer size corresponding to the early life variable). These interaction variables were
used as fixed effect predictors. A linear model was constructed, with the change in cognitive function
from age 70 to age 76 as the dependent variable. We present the results adjusted for sex, childhood
covariates (i.e., the father’s OSC, people per room in the childhood home, and childhood smoking),
and adulthood covariates (adulthood OSC, alcohol consumption, and smoking status). We ran the
models for the full cohort and then stratified by sex and road traffic accident density. In a sensitivity
analysis, we used the Bonferroni adjustment for multiple comparisons. The statistical significance was
set at p < 0.05. All statistical analyses were conducted using the ‘Ime4’ package in R 3.3.2.

3. Results

The distribution of the LBC1936 analysis sample for selected characteristics is presented in Table 1.
There were slightly more men, more participants who had fathers in a “skilled, partly skilled or
unskilled” OSC, and approximately equal proportions of the participants in a “professional-managerial”
or “skilled, partly skilled or unskilled” OSC. The most common qualification was attained from high
school (“O-level or equivalent” (47%)), followed by “No qualification” (15%). In comparison to the
full sample of LBC1936 participants who supplied their residential address history (N = 592), the
analysis sample (N = 281) had a higher number of participants in lower socioeconomic status and
lower educational attainment categories (Supplementary Materials Table S1).

Table 1. Selected characteristics for the LBC1936 sample (N = 281).

Characteristic Mean (+SD); N (%)
Sex
Female 134 (48)
Father’s Occupational Social Class
Professional-managerial (I/1I) 62 (22)
Skilled, partly skilled, unskilled (III/IV/V) 203 (72)
Missing 16 (6)
Participant’s Occupational Social Class
Professional-managerial (I/1I) 151 (54)
Skilled, partly skilled, unskilled (III/IV/V) 127 (45)
Missing 3(1)
Public parks (%)
Childhood Index 86+73
Adolescence Index 91+69
Road traffic accident density (per km?)
Childhood Index 6.9 £3.6
Adolescence Index 145452
Change in cognitive function from age 70 to age 76 on Moray House Test 1.01 +£0.95
Missing 0

Notes: For continuous variables, the mean is presented with the standard deviation. For categorical variables, the
number is presented with the percentage in brackets. The percentages may not add to 100 due to rounding.
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A slightly larger availability of parks was found during adolescence (9.1% =+ 6.9) compared to
childhood (8.6 £ 7.3) (Table 1). The road traffic accident density was much higher during adolescence
(14.5 km? + 5.2) compared with childhood (6.9 km? + 3.6), due to secondary schools being close to the
main thoroughfares through the city and primary schools being located in local, more residential, areas
spread around the city (Figure 2). The road traffic accident density was concentrated in the center and
North East (in the port of Leith), whereas public parks were more equally spaced, but with the greatest
area close to the center due to the largest park in Edinburgh being located there.

The availability of parks during adolescence was associated with better cognitive aging (3 = 0.27,
95% CI: 0.00 to 0.55) to a greater extent, compared with the childhood availability of parks ( = 0.22,
95% CI: —0.07 to 0.51) (Table 2). The marginal effects of the park availability during childhood and
adolescence, conditional on the availability of adulthood parks, is presented in Figure 3. This shows
that the coefficient for the park availability during adolescence becomes increasingly positive (better
cognitive aging) with an increasing adulthood park availability. The associations were slightly higher
in the females compared to the males; males had a coefficient of 0.21 (95% CI: —0.20 to 0.62) and
females had a coefficient of 0.33 (95% CI: —0.07 to 0.72), however, the female coefficient was not notably
higher (Table 2). The park availability during adolescence had strong associations with better cognitive
aging in participants with a lower RTA density (8 = 0.98, 95% CI: 0.36 to 1.60); this was not the case
when the RTA density was higher (3 = 0.08, 95% CI: —0.29 to 0.45) (Table 2). In the sensitivity analysis
with smaller and larger sized buffers, the childhood and the adolescent park availability were not
associated with cognitive aging (Supplementary Materials Table S2). In our case, applying a multiple
testing correction would have meant that our main finding, i.e., adolescent park availability with a low
RTA density, occurred by chance.

{ 1%
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Figure 2. Public parks (1949) and the road traffic accident density (1937/1946) in Edinburgh, UK, in
relation to primary and secondary schools.

E

This shows the marginal effects of the childhood park availability on cognitive change from age 70
to 76, conditional on the percentage of parks in adulthood. This shows that the childhood /adolescent
park availability had an increasingly positive/advantageous association with the cognitive change
from age 70 to 76 years, as the person’s adulthood park availability increased.
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4. Discussion

4.1. Principal Findings

The current study has used a novel approach of utilizing information on the home, school, and
optimal route to school to estimate the park availability in early life and investigate the associations with
cognitive aging in later life. Our current work builds on previous literature on everyday time-space
interactions and their relation to experiences over the life-course [31]. A key novelty of this study
is the integration of early life activity space-based measures within a life course framework, which
addresses two important concerns identified in the literature on contextual uncertainty [18]. Public park
availability for the adolescent activity space (home, school, route to secondary school) was positively
associated with better cognitive aging in later life, especially for those living in low RTA density
areas. This is in addition to residence-only models found in this sample previously [2]. Crucially, these
associations were shown to be more robust to the adjustment of socioeconomic and behavioral variables
than in the model using residence-only exposure, which did not hold after adjustment (5 = 0.26, 95%
CI: —0.06 to 0.57) [2]. This shows that the variation in the effect size of the association between
green space and cognitive aging is partly dependent on how the geographical exposure is specified
and operationalized, which is an example of the uncertain geographic context problem (UGCP) [17].
Recent work has emphasized the salience of the UGCP in the study of the built environment in general
and green space in particular, on obesity [32,33]. Further work is required to investigate statistical and
theory-driven strategies to determine an optimal measurement of activity spaces, which are specific to
certain exposures and outcome relationships.

4.2. Relation to Other Studies

The greater independence of mobility during adolescence may explain why the adolescent park
availability seemed to be more important for cognitive aging than in childhood (i.e., the exposure
estimates were more accurate). A potential mechanism behind this finding is that parks affect
behavioral development in adolescence [34]. A recent study found that aggressiveness in adolescents
was reduced with greater greenness within 1000 m from the home; the difference between the highest
and lowest greenness exposures within the study equated to roughly 2-2.5 years of behavioral
maturation [34]. We found that the results were non-significant with smaller (500 m) and larger
(1500 m) sized buffers. In residence-only models previously, both 1000 m and 1500 m buffers were
significant [2]. This indicates that activity space-based measures of green space are more sensitive to
buffer sizes. We found support for a modification of the effect between park availability and cognitive
aging by the RTA density. This could be explained by the activity space, and therefore the exposure to
parks, being reduced for participants with a higher road traffic accident density. Both perceptions of
road safety [35] and road safety features (i.e., more traffic lights) [36] were associated with a greater
likelihood of walking and cycling, although this was limited to girls only.

4.3. Strengths and Weaknesses

We have been able to test for an association between the green space availability in early life and
cognitive aging between childhood and later life, after the adjustment for childhood and adulthood
covariates, due to the rich longitudinal information collected on the participants from the LBC1936.
Our use of a publicly accessible measure of green space was a strength, in that public parks would have
provided opportunities for physical activity and stress reduction during childhood, arguably more so
than ambient greenness that includes street trees, for example [37]; however, we acknowledge that
other green spaces (e.g., golf courses) may have been used and may have benefited the participants.
Our work is unique, in that we are attempting to recreate the activity spaces of the children in the
1940s. The landscape available to children has changed appreciably since then; no doubt a much higher
percentage of children were undertaking unaccompanied travel in the 1940s compared with today.
Estimates of such independent travel to school from 1971 and 1990 show that, in 1971, 80% of seven and
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eight-year-olds (data unavailable for older age groups) traveled to school without adult supervision,
compared with only 9% in 1990 [38]. During this time, the volume of road traffic doubled but fatal
accidents involving children halved [38]. Therefore, a child’s activity space in the 1940s would have
been less constrained and more influenced by factors such as the RTA density than today. The activity
space indices created in our current study are useful and valid for exploring a more complete exposure
to green space in early life than those focused solely on the area around the home.

However, there were limitations to the study. We have focused on childhood and adolescence
but the park availability during pregnancy and in infancy may be equally as important; these aspects
were not measured in the current study. For the residential information, we were limited by the
retrospective data collection of childhood residential information, which is prone to recall bias. Due to
the sample criteria (e.g., living in Edinburgh throughout life), the sample may have suffered from
selection bias, although we have previously shown that this Edinburgh ‘life-course” sample does
not deviate substantially from the full sample on key characteristics [1]. For the two time periods of
interest (childhood and adolescence), we only had two locations to determine the activity space indices.
These indices were limited by the simple estimation of the time spent in each location (based on a
typical weekday), which doesn’t account for weekend days or holidays when the exposure to the green
space surrounding the home would arguably be much more important than the exposure surrounding
the school [39]. The optimal routes, in particular, may be prone to error, as it is impossible to know
how precisely they represent the actual route taken by the participant, which might have varied
day-to-day [40]. We are also limited by the use of the contemporary road networks in estimating the
movement in the city during the 1950s. However, there were very limited changes to the urban
infrastructure in Edinburgh compared to other cities (e.g., Glasgow’s introduction of inner-city
motorways), due to greater local support for conserving the city’s architectural heritage and the
smaller scale of any slum clearance projects. An important determinant of the route is the mode of
transport, which was assumed to be walking, as this would have been more likely during the 1940s;
however, we are unable to discount that this may have drawn associations towards the null, as argued
elsewhere [41]. Finally, when analyzing geographic-based exposures, there is debate as to whether a
correction for multiple testing should be applied when using multiple buffers.

4.4. Study Implications

The access to nearby green space at an adolescent age near home, school, and between the two,
may be an important factor for cognitive wellbeing that remains apparent into old age. We found this
association in a generation who would have had considerably greater freedom to roam at that age
than the current adolescents do. The road characteristics (i.e., the frequency of traffic accidents) also
influenced the degree to which this benefit was found.

These findings are particularly relevant today, as children are spending more time indoors [42]
and the activity spaces of children and adolescents, especially girls, are increasingly constrained, both
spatially and socially (i.e., adult supervised) [20]. Unstructured play and exploration can deliver the
benefits of green space for young people [43]; however, this relies on the design of urban environments
that are safe, both structurally and as perceived. A recent systematic review found some evidence for
interventions on road traffic safety being associated with reduced injuries, casualties, and collisions
involving school children [44]. Policymakers should look to implement similar interventions and
work with researchers using data on salutogenic areas (e.g., parks and green walking and cycling
infrastructure) to promote safe and healthy spaces and routes through the city.

Future research should address the challenge of incorporating activity space-based exposure
over the life-course. In addition to age, sex, and co-existing environmental variables, future studies
should investigate socioeconomic modifiers of lifetime activity space extent. The main challenge
is to determine ways to gather and process the relevant data. In historical cohorts, additional
questions on the places frequented for recreation, e.g., the locations of friends and family [45], could be
added to life grid questionnaires (although care would have to be taken to avoid respondent fatigue).
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In contemporary cohorts, a series of GPS collections could also be taken longitudinally using GPS
loggers, as in the Adolescent Health and Development in Context study [46], or perhaps less intrusively
via smartphone apps [47]. The information from the apps could be processed using algorithms to
determine local activity spaces [48], providing data on where the participants move in relation to the
set buffer zones and how the optimal routes compare to the actual routes taken [49].

5. Conclusions

Utilizing information on everyday locations supplementary to the home to determine the public
park availability in early life has reinforced previous associations with cognitive aging. Factors such as
road traffic accidents seem to be important in determining the size of an adolescent’s activity space and
their propensity to spend time in natural environments, which may ultimately promote or inhibit their
successful cognitive aging later in life. Our study has demonstrated the value of integrating activity
space measures into life-course analyses, which is an important priority for researchers concerned
with the connections between health and place.

Supplementary Materials: The following are available online at http:/ /www.mdpi.com/1660-4601/16/4/632/s1,
Figure S1: Example of life grid questionnaire; Figure S2: Life-course Model Selection; Table S1: Comparison
between LBC1936 analysis sample and residential life course sample; Table S2: Relationship between childhood
and adolescent activity space park availability and cognitive change in later life, by buffer size.
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