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Understanding the determinants of elderly people’s public transport usage patterns can offer new insights into elderly mobility
issues and provide policy implications for planning toward an aging-friendly and sustainable city. However, few studies have
examined the impact of the built environment on the trip time of the elderly using big data. Moreover, the elderly’s trip time has
been mostly investigated by the multivariate linear regression model (MLR), ignoring the non-linear association between ex-
planatory variables and trip time. Using smart card data from Nanjing in 2019, this study employs a gradient boosting regression
trees (GBRT) model to probe into the correlations between the built environment and the elderly’s trip time.)e results show that
significant non-linear relationships exist between trip time and the selected explanatory variables, which cannot be captured by the
MLR model. It suggests that relevant policy implementations should be carried out in conjunction with the elderly’s travel
environment by regarding their threshold effects. Besides, interaction effects of spatial attributes on trip time are identified in our
study. For example, elderly people living in the exurban area are more likely to take long-distance metro travel for their physical
exercise. )ese findings demonstrate that planners and policymakers should not only consider one single built-environment
factor, but also the interactions of various factors to enhance elderly mobility.

1. Introduction

Due to the accelerating global aging process, the social life
and well-being of the elderly have been attracting increas-
ingly academic attention [1–8]. Besides, a positive correla-
tion between population aging and carbon emissions has
been proved [9]. Mobility is the fundamental guarantee of
elderly people’s quality of life (e.g., [10]). In most developing
countries, as well as some countries in the New Europe,
where driving is rarely a travel mode for the elderly, elderly
mobility is highly dependent on walking and public trans-
port. )erefore, their outdoor activities are usually associ-
ated with their physical abilities [11, 12]. With the rapid pace
of urbanization in emerging economies, elderly public
transport users have been increasing dramatically. In China,
about 56.36% of elderly people travel by public transit,
19.41% of which are metro users [13]. Public transit,
therefore, plays a critical role in the elderly’s daily mobility

and wellbeing [14]. However, nearly 20% of the elderly are
still experiencing various degrees of mobility disability due
to the inconvenience of transportation.

Although a large body of literature delved into the de-
terminants of elderly mobility, these determinants are still
under scrutiny. First, previous studies mainly focused on
either elderly’s driving or active travel (i.e., walking and
cycling), while public transport, especially metro, which, as
aforementioned, has become increasingly the main travel
mode for Chinese elderly people, is still received inadequate
attention. Compared with young adults who usually use the
car for long-distance trips, older people with the significantly
lower physical condition are likely to give up their trips [15].
To enable the elderly to travel longer distances, local gov-
ernments have provided corresponding preferential policies
to encourage the elderly’s public transport use [16]; however,
the result can hardly reach policymakers’ expectations be-
cause the determinants of older people’s travel distance are
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still unclear [17]. Second, the elderly’s travel distance has
been mostly investigated by a multivariate linear regression
model, but in practice, the relationship between explanatory
variables and travel distance may be non-linear [18]. Some
other scholars used hazard-based models, logit models, or
other non-linear regression models (e.g., log-linear) to ex-
amine the determinants of older people’s travel; however,
the relationship between explanatory variables and depen-
dent variables in these models is also pre-specified. As a
result, it cannot efficiently capture the unexpected rela-
tionship caused by spatial attribute thresholds. )ird, most
of these studies assume that the explanatory variables are
independent and uncorrelated. However, there may be a
certain degree of correlation between multiple explanatory
variables even if the variables pass the test of multi-collin-
earity, especially those related to the built environment [19].
)us, the influence of explanatory variables on the depen-
dent variable in the model may be much greater than their
actual effects. In addition, most existing studies were based
on data from traditional cross-sectional surveys, which is
hard to obtain the mobility of a large volume of elderly in
transit networks over time.

To fill the above research gaps, this study attempts to
investigate the non-linear associations between the built
environment and the elderly’s travel distance using smart
card data and other spatial data. Travel distance has been
widely used to understand travel behavior in the literature
(e.g., [20–22]), because of not only its direct correlation with
trip satisfaction (e.g., [23]) but its impacts on urban de-
velopment, social-spatial segregation and transport-related
social inequities [24]. )is study, therefore, aims to un-
derstand the determinants of the elderly’s travel distance by
public transit, which can offer new insights into elderly
mobility issues and provide policy implications for planning
for an aging-friendly city.

)is study contributes to the current literature in the
following three aspects. First, it adds to the existing literature
on the elderly’s travel behavior through data mining
methods. Compared with traditional travel survey data,
smart card data can trace individual travel during a long
period, and can reflect the habitual behavior of specific
groups [25, 26]. )us, using smart card data to investigate
the mobility of older people as metro riders can provide new
insights to planners and policymakers. Second, gradient
boosting regression trees (GBRT), which have advantages in
investigating the nonlinear relationship and the interaction
of variables, are employed to consider the correlations be-
tween explanatory variables while examining factors influ-
encing the elderly’s trip time. Finally, through the case study
of the elderly in Nanjing, we propose policy implications to
improve public transport services for the elderly which are
generalizable to wider transit-oriented contexts.

Despite adults aged 65+ being widely considered to be
the elderly in most Western countries, in this study, people
above 60 years old are defined as the elderly because 60 is the
common retirement age in Mainland China. )e rest of the
study is organized as follows: Section 2 reviews the literature
on factors influencing the elderly’s travel behavior. Section 3
introduces the study area and describes the data set. Section

4 discusses the methodology used, while the modeling re-
sults are reported in Section 5. )e discussion of policy
implications and conclusions of the study are provided in
Section 6.

2. Literature Review

)ere is a growing literature focusing on the travel behavior
of elderly people, but few attempts have been made on the
determinants of the elderly’s travel behavior in a given
transport system, especially for the travel distance in the
metro system. )erefore, the literature review mainly fo-
cuses on the elderly’s travel behavior and influencing factors
in general.

Previous studies have intensely discussed the elderly’s
travel behavior in terms of travel purpose, travel mode, travel
frequency, and distance/time (e.g., [2, 15, 21, 27–29]). Be-
cause of the different cultural backgrounds and car/driving
license ownership rates, the elderly’s travel mode in de-
veloped and developing countries varies significantly [7]. In
most Western countries such as the United States, Canada,
and the Netherlands, a car is the most popular travel mode
for the elderly, with the lowest proportion of public
transport (bus, coaches, train, and rail). )us, previous
studies in these countries have been mainly concerned with
factors that influence elderly’s travel behavior without fo-
cusing on elderly people’s public transport use [12]. In such
contexts, researchers emphasize investigating travel distance
and frequency to understand the elderly’s travel behavior.
For example, empirical evidence revealed that elderly
women are less likely to use cars than their counterparts
men, thereby resulting in a shorter travel distance [30, 31].
With the increase of age, the elderly tend to decrease their
travel frequency and distance in general [32], but their travel
distance may increase for recreational purpose [33]. Some
elderly people tend to shift from car to public transit, mainly
due to functional status decline [14, 32, 34, 35]. )is indi-
cates that public transport is still fundamental to main-
taining elderly mobility, especially for those who do not
drive, even in car-dominant contexts. Consequently, re-
searchers discussed the influence of the concessionary bus
travel policy on elderly people (e.g., [16, 36–40]). Such in-
terventions aimed to encourage the elderly’s public transport
use so as to increase multimodally and enhance the elderly’s
functional abilities; however, it is not necessarily applicable
in developing countries where car ownership is low [41, 42].

In China, less than 1% of the elderly traveled by car [11].
)us, numerous studies have been conducted to investigate
the active travel behavior of the elderly such as travel fre-
quency, walking/cycling duration, walking/cycling distance
to transit, and its determinants (e.g., [3, 5, 18, 43–45]).
However, only a few studies have focused on the elderly’s
public transport use, although more than half of elderly
people in China are regular public transport users. Zhang
et al. [42] examined the elderly’s travel behavior during the
morning peak in the context of the free bus program in
Beijing. Shao et al. [25] analyzed the elderly’s bus usage
patterns between weekdays and weekends based onGPS data
and smart card data in Qingdao.)ese studies focus more on
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travel mode choice or travel characteristics of the elderly, but
the underlying causes of the behavior, such as travel dis-
tance, were not examined.

)e determinants of the elderly’s travel behavior have
been extensively discussed in the literature. )ere is no
doubt that traveler socio-demographics attributes (including
age, gender, income, racial ethnicity, and medical condi-
tions) and trip characteristics (including travel mode and
travel purpose) are important factors affecting travel dis-
tance [46]. However, when using large-scale smart card data,
travel-related personal information is often difficult to ob-
tain. On the other hand, several studies have confirmed that
built environment attributes have highly significant direct
and indirect effects on residential travel distance/time
[47–49]. Specifically, empirical evidence demonstrates that
the built environment attributes such as population density,
building density, land-use mixture, traffic conditions, and
destination accessibility have significant influences on the
elderly’s travel [3, 39, 50, 51]. Neighborhoods with higher
population density and higher degrees of land-use mixture
decrease the travel distance of the elderly [21]. Similarly,
older people living in core areas are less likely to travel long
distances and prefer to use public transport [42, 50], but
those living in rural areas usually have a much longer travel
distance [2, 39, 52]. In addition, if the elderly live close to the
bus stops, metro stations, and bikeshare stations, they are
inclined to use public transport [21, 39, 53–56].

Aiming at the Chinese elderly, Feng [21] found that wet
markets, open spaces, and parks as well as chess and card
rooms show profound impacts on the elderly’s travel dis-
tance. Seniors living near wet markets increase their total
and shopping distance, and closer to open spaces/parks and
chess/card rooms increase their leisure activities. Similar
results were reported by Cheng et al. [3], who also found that
the elderly in China are more concerned with the distri-
bution of some specific facilities, for instance, shopping
facilities, convenience stores, parks/squares, and chess/card
rooms instead of supermarket or gym/sports center.

Overall, most existing studies assume that the associa-
tions between built environment attributes and the elderly’s
travel behavior are linear, only a few recent studies con-
sidered nonlinear associations between variables in indi-
vidual travel decisions. For instance, Tao et al. [18] examined
the importance of spatial attributes to walking distance to
transit and its threshold effect. )ey found that some spatial
attributes such as population density have clear threshold
effects on transit users’ walking distance to stops, with
different nonlinear patterns. Gan et al. [19] used smart card
data to investigate the nonlinear relationship between the
built environment attributes and station-to-station rider-
ship. )e discontinuous nonlinear effects across different
values of the built environment attributes onmetro ridership
have been found in their study. Similar findings have been
reported by Shao et al. [57] and Yang et al. [58]. However,
these studies are not focused on the topic of elderly travel.

In theory, the nonlinear associations between the eld-
erly’s travel behavior and the determinantsmay be attributed
to two mechanisms. )e first is the law of diminishing
marginal utility, which describes how the establishment of

facilities at a low-density level yields more utility than
subsequent establishment [59, 60]. It also can explain why
the density of the built environment has a threshold effect
[61, 62] and the effect produced by densification is usually
not good as expected in East Asian cities [63], especially
compared with European cities. )e second one is the
nonlinear associations between built environment attributes
and walking distance may result from physiological limi-
tations [61, 64]. Since walking is the most common mode of
undertaking the first/last mile for elderly’s metro travel, the
interactions of walking distance to metro station/final
destination and metro travel distance may present a more
complicated nonlinear relationship. )erefore, this study
focuses on the determinants of travel distance for the elderly
metro users, adopting a gradient boosting regression trees
mode (GBRT) to explore the importance of the built en-
vironment attributes on elderly’ travel distance in a Chinese
context.

3. Study Area and Data

We adopted Nanjing as a case study. Nanjing is an im-
portant economic, educational center, and transit me-
tropolis of Eastern China. )e permanent residents of
Nanjing reached 8.50 million, with the urbanization rate of
83.2% [65]. As the urban spatial structure continues to
expand, Nanjing’s metro has also been developing rapidly.
Since the first metro line officially launched in 2005, 10
metro lines have been operating in Nanjing at the end of
2018, namely Metro Line 1, Line 2, Line 3, Line 4, Line 10,
Line S1, S3, S7, S8, and Line S10, with a total of 159 metro
stations. )e total length of metro lines climbed to 378 km
and the average daily passenger flow has reached 3.53
million, accounting for 19.2% of the total urban travel. In
this study, Nanjing was divided into three regions, namely
urban, suburban, and exurban regions (shown in Figure 1).
)e urban area consists mainly of mixed-use land, where
jobs and educational resources are densely distributed and
the quality of metro facilities is reasonably high; whereas
the exurban region is made up of single-use, low-density
areas where transport infrastructures, especially metro, are
underdeveloped. In 2019, there were 17 metro stations in
the urban region, 77 in the suburban region, and 65 in the
exurban region.

Since July 2010, the elderly in Nanjing over 60-years-old
can apply for the Senior Citizen Concession Card (SCCC).
SCCC can be used onmost of the public transport services in
Nanjing City, including buses, metros, and ferries. When
applying, CNY 20 needs to be paid as the card fee. Using the
card, seniors aged 60–69 can enjoy a 50% discount on the
usage of public transport in Nanjing, while those who are
aged over 70 (including 70 years old) are free of charge.
)ere is no time limit for this discount. Under the imple-
mentation of the elderly’s public transport concessions
program, more and more of Nanjing’s elderly people prefer
to choose the bus and metro as their main travel modes.
Consequently, bus/metro-based travel is largely affecting
their quality of daily life. Notably, since bus passengers in
most cities of China don’t need to swipe their cards when
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they get off the bus, it is difficult to obtain the travel distance
of bus riders. )erefore, this study only takes metro riders as
the research object.

)e data used for this study consists of two parts, one of
which is the smart card data of NanjingMetro fromMarch 1,
2019 to June 28, 2019 including 120 consecutive days. )e
data were used to extract the travel characteristics of the
elderly (i.e., trip time, travel frequency, etc.). As shown in
Table 1, information used from smart card data includes date
of arrival, time of arrival, date of departure, time of de-
parture, card type (No. 85 represents the elderly card
holder), arrival station number, departure station number,
and card number. Only the elderly card holders were in-
vestigated in this study. After the collection of the original
data, the data was then cleaned to filter out invalid data such
as data with the same arrival and departure station, and
those who arrived and departed on different days. Besides,
the trips with a trip time longer than (or shorter than the
mean of OD trip time plus (or minus) three times of the
variance were also removed. Finally, we got a total of 5.81
million valid metro smart card use records by 387 thousand
elderly metro users in 120 continuous days 2019, with an
average of 48.40 thousand trips per day. Considering the
trade-off between time-consuming costs and quantity de-
mand, we randomly selected 200 thousand records from the
entire data set with pandas.DataFrame.sample function in
Python, and set up random sampling without putting back
and with equal probability weighting, which is enough to

investigate the relationship between elderly trip time and the
determinants (total 25 independent variables) in subsequent
modeling and analysis.

To investigate the effects of the built environment
around metro stations on the elderly’s travel distance, the
point-of-interest (POIs) data of Nanjing in 2019 from the
Baidu Map application programming interface (API) was
also used in this study. )is data covers all POIs categories
related to the elderly’s travel, mainly including shopping
malls, convenience stores, supermarkets, wet markets, res-
taurants, open spaces/parks, places of interest, chess/card/
tea rooms, healthcare, gym/sports centers, bus stops, metro
stations, bikesharing stations, residential sites, and em-
ployment sites. Besides, socioeconomic attributes around
metro stations may also affect the travel behavior of the
elderly who use the metro. However, population and em-
ployment data are not available from the station level.
)erefore, the population density and employee density of
traffic zones in 2019 are employed in this paper. )e traffic
zones of Nanjing and the urban road network in the same
year were respectively obtained from Nanjing Urban
Planning Bureau (NUPB) and OpenStreetMap (https://
www.openstreetmap.org/).

4. Methodology

4.1. Descriptive Statistics. )e distributions of the variables
used in the analysis are shown in Table 2. Since the speed of
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Figure 1: Study area and the existing metro lines in Nanjing, China.
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the metro can be considered constant, the travel distance can
be reflected, to a certain extent, by the trip time between
boarding and alighting at the metro station, which could be

easily obtained from smart card data. )us, trip time on the
metro is the dependent variable in this study. After calcu-
lating the trip time of all elderly passengers during 120

Table 2: Descriptive statistics for the independent and dependent variables.

Variable Definitions Min Max Mean Std. dev
Trip time )e trip time on the metro of each trip (min) 2.22 288.55 29.73 20.59
Built environment 1

Employment density_O )e density of jobs in 800m buffer of boarding station (person/
m2) 0.00 0.40 0.06 0.09

Employment density_D )e density of jobs in 800m buffer of alighting station (person/
m2) 0.00 0.40 0.06 0.09

Distance to the nearest bike station_O Network distance to the nearest bike station of boarding station
(km) 0.03 18.19 0.44 1.30

Distance to the nearest bike station_D Network distance to the nearest bike station of alighting station
(km) 0.03 18.19 0.44 1.29

Distance to the nearest bus stop_O Network distance to the nearest bus stop of boarding station (km) 0.02 12.08 0.30 0.28

Distance to the nearest bus stop_D Network distance to the nearest bike station of alighting station
(km) 0.02 12.08 0.30 0.27

Distance to the nearest chess/card
room_O

Network distance to the nearest chess/card room of boarding
station (km) 0.06 11.83 0.57 0.79

Distance to the nearest chess/card
room_D

Network distance to the nearest chess/card room of alighting
station (km) 0.06 11.83 0.57 0.78

Distance to the nearest convenience
store_O

Network distance to the nearest convenience store of boarding
station (km) 0.01 2.98 0.29 0.22

Distance to the nearest convenience
store_D

Network distance to the nearest chess/card room of alighting
station (km) 0.01 2.98 0.29 0.22

Distance to the nearest park/open
square _O

Network distance to the nearest park/open square of boarding
station (km) 0.01 7.38 0.59 0.64

Distance to the nearest park/open
square _D

Network distance to the nearest park/open square of alighting
station (km) 0.01 7.38 0.59 0.64

Distance to the nearest restaurant _O Network distance to the nearest restaurant of boarding station
(km) 0.01 4.23 0.13 0.21

Distance to the nearest restaurant _D Network distance to the nearest restaurant of alighting station
(km) 0.01 4.23 0.14 0.21

Number of Sport/gym_O Number of sport/fitness centres in 800m buffer of boarding
station 0.00 128.00 24.89 25.31

Number of Sport/gym_D Number of sport/fitness centres in 800m buffer of alighting
station 0.00 128.00 25.17 25.51

Number of tourist attractions _O Number of tourist attractions in 800m buffer of boarding station 0.00 129.00 15.65 24.55
Number of tourist attractions _D Number of tourist attractions in 800m buffer of alighting station 0.00 129.00 16.04 24.97
Travel characteristics
Daily frequency Average number of trips per day 0.00 4.12 0.50 0.53

Departure time MonPeak� 0, other� 0 0.00 1.00 0.18 0.38
NightPeak� 1, other� 0 0.00 1.00 0.10 0.31

Network attributes of metro stations
Betweenness centrality_O )e betweenness of boarding station 0.00 0.44 0.14 0.10
Betweenness centrality_D )e betweenness of alighting station 0.00 0.44 0.14 0.10
Location of boarding station Urban area� 1, suburban area� 2 and exurban area� 3 1.00 3.00 1.88 0.67
Location of alighting station 1.00 3.00 1.88 0.67
Note 1: Due to a large number of built environment variables, we only show the variables with the top 50% importance according to equation (8).

Table 1: Metro smart card data samples on March 2019.

Card ID Arrival data Departure data Station ID at entry Arrival time Station ID at departure Departure time Card type
970070∗∗∗∗81 2019/3/9 2019/3/9 5 15 : 55 : 51 28 16 : 06 : 34 51
970071∗∗∗∗56 2019/3/9 2019/3/9 61 7 : 25 : 07 1 8 : 02 : 51 52
970071∗∗∗∗23 2019/3/11 2019/3/11 5 9 : 54 :11 1 10 :13 : 56 52
970074∗∗∗∗73 2019/3/11 2019/3/11 26 15 : 03 : 54 98 15 : 56 : 05 85
. . . . . . . . . . . . . . . . . . . . . . . .
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continuous days, we found that their mean trip time was
about 29.77 minutes. As shown in Figure 2, 85% of the
elderly metro users traveled less than 46.7min. As trip time
increases, the frequency sharply decreases after more than
46.7 minutes.)us, 46.7min can be defined as the acceptable
longest travel duration of the elderly on the metro. )e
average number of trips an elderly passenger generated
during these 120 continuous days was 15.01, including 10.74
trips on weekdays and 4.27 trips on weekends. Moreover, we
used a binary variable to represent the elderly’s departure
time, with 1 for morning peak or evening peak and 0 for
other time. We found that the elderly mostly traveled during
non-peak hours—only about 18.42% of these trips were
made in the morning peak (7:00 am–9:00 am), while 10.67%
were in the evening peak (5:00 pm–7:00 pm).

It can be seen from Figure 2 that there is little or no
difference between the cumulative probability distributions
of all elderly samples and selected elderly samples, which
indicates that the selected samples are sufficiently repre-
sentative to reflect the behavior patterns of the elderly in
Nanjing Metro. Besides, we also compared the features of
metro-based trip time between elderly and normal adults
(200 thousand records of adults that were randomly se-
lected). As shown in Figure 2 and Table 3, there is no
significant difference in the mean trip time between these
two groups, whereas the trip time of adults is more con-
centrated than that of the elderly. Comparing the cumulative
probability distributions of elderly and normal adults, it can
be found that the proportion of elderly people who travel less
than 20minutes by metro is higher than that of adults, and at
the same time, the proportion of elderly people who travel
for a long time (longer than 60 minutes) is also higher than
that of adults. )is may be due to the relatively few time and
work constraints of the elderly.

Because the socioeconomic attributes of card holders are
missing due to privacy concerns, we are mainly concerned
with factors of the built environment that influence elderly’s
travel distance. In addition, the elderly’s travel character-
istics such as metro usage frequency and departure time, and
network attributes of metro stations were included in the
analysis because they may also affect the trip time of the
elderly.

Based on the aforementioned discussion, we assumed
that built environment characteristics near elderly’s
boarding and alighting stations such as population/em-
ployment density, building density, facilities, and public
transport availability potentially affect their travel behavior.
)us, we extracted the built environment characteristics
from the data described in Section 3 by using ArcGIS 10.4.1
software. )e number of tourist attractions, sports/gym
centers, chess/card rooms, convenience stores, restaurants,
park/open squares, wet markets, bus stops, and bikeshare
stations within a radius of 800m of the elderly’s boarding
and alighting stations were measured. It is worth noting that
the number of population and jobs were measured at the
traffic zone level, where metro stations are located. Similarly,
the shortest route on the road network distance from the
boarding/alighting station to the buildings and facilities was
also measured to indicate the availability of elderly’s
shopping and leisure activities as well as public transport.

As for network attributes of metro stations, the region
where the boarding and alighting station are located and
betweenness centrality were adopted in this study. Among
them, the region where the boarding and alighting station is
located is a categorical variable, with 1 for an urban area, 2
for a suburban area, and 3 for an exurban area. A mean of
1.88 indicates that most of the elderly enter the metro in the
urban area. )e same result can be found when leaving the
metro. On the other hand, betweenness centrality was used
to quantify the importance of a given station on the con-
nectivity between other stations in a metro network. Be-
tweenness is a centrality measure based on shortest paths,
which is widely used in metro network analysis. )e be-
tweenness centrality of the given station i can be defined as

CB
i � 

i≠ k≠m

ϕkm(i)

ϕkm

, (1)

where ϕkm is the total number of shortest paths from station
k to station m, and ϕkm(i) is the number of these paths that
pass through station i.

4.2. Gradient Boosted Regression Trees Model. )e gradient
boosted regression trees model (GBRT) was applied in this
study to investigate the nonlinear associations between the
trip time of the elderly and its affecting factors. )e GBRT
model boosting belongs to the ensemble learning method,
which is a combination algorithm of regression tree and
gradient boosting [66]. GBRT has been increasingly adopted
in various research fields, including the transport field be-
cause of its powerfulness of investigating the nonlinear
relationship and the interaction of variables [19, 63, 64, 67].
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Table 3: )e features of trip time across different datasets.

Dataset All elderly
samples

Selected elderly
samples

Selected adult
samples

Mean trip time
(min) 29.77 29.73 30.03

Std. deviation
trip time (min) 20.61 20.59 18.6
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GBRT integrates decision trees in an additive manner
based on a machine learning algorithm, and can be
expressed as follows:

treef(x) � fM(x) � 
M

m�1
hm(x,Θ), (2)

where f(x) is the estimated value of the GBRT model
corresponding to a set of explanatory variable vectors x,
hm(x,Θ) is the estimated value of themth regression tree, Θ
is the parameter of the mth regression tree, and M is the
number of regression trees.

Unlike the traditional ensemble learning method,
namely Adaboost which is improved by adjusting the
weight of misclassified data samples, the GBRT model is
improved by calculating the negative gradient of previous
trees. In general, L(y, fm(x)) can be used to represent the
loss function of the model, where y is the actual observed
value of the dependent variable. In the case of a regression
tree, the loss function is the sum of the squared errors as
follows:

L y, fm(x)(  � y − fm(x)( 
2
. (3)

We expanded the loss function in (2) by its first-order
Taylor expansion at x, and the following approximate
equation can be obtained:

L y, fm(x)(  � L y, fm−1(x) + hm(x,Θ)( ,

≈ L y, fm−1(x)(  +
zL y, fm−1(x)( 

zfm−1(x)
hm(x,Θ).

(4)

In order to reduce the loss function, we need to construct
the mth regression tree by learning the direction of the
negative gradient of the loss function. According to (3), the
negative gradient of the loss function can be expressed as

∇m � −
zL(y, f(x))

zf(x)
 

f(x)�fm−1(x)

. (5)

In order to improve the robustness of the model and
avoid overfitting, one effective way is to introduce a learning
rate so as to shrink the contribution of each tree. )ere is a
trade-off between the learning rate λ (0≤ λ≤ 1) and the
number of estimators M. )us, the GBRT model can be
expressed as follows:

f(x) � fm(x) � fm−1(x) + λhm(x,Θ)

� fm−1(x) + λ

J

j�1
cm,jI,

(6)

where Rm,j is the jth leaf node region of the mth regression
tree ( j � 1, 2, · · · , J), cm,j is the output value of the leaf
node region Rm,j, and I is an indicator variable,

I �
1, if x ∈ Rm,j

0, otherwise
 .

)e implementation steps of the GBRTmodel are shown
in Figure 3. Since the GBRT model is a machine learning
method, it is difficult to directly interpret the estimated
parameters. But fortunately, the GBRT model is able to
quantify the relative importance of explanatory variables
based on the estimated GBRT model. )e importance of
explanatory variables is the increase in the squared error of
the model after we permuted the values of the variable.
Mathematically, the importance of the ith explanatory
variable is defined as the mean of its importance in each
regression tree:

Ii �
1

M


M

m�1

I
m

i �
1

M


M

m�1
OOB

m
MSE,perm i − OOB

m
MSE ,

Ii �
1
K



K

k�1

Ik ∗ 100%,

(7)

where Ii and Ii are the initial and the normalized variable
importance, respectively, OOBm

MSE is the mean square error
of tree m before permuting variable xi, OOBm

MSE,perm i is the
mean square error after permuting variable xi.

Besides, the partial dependence plot (PDP) produced by
the GBRT model displays the marginal effect one or two
variables that have on the predicted outcome, whether the
association is linear, exponential, or more complex [66]. )e
partial dependence function for GBRT is formulated as
follows:

fxS
xS(  � ExS

fxS
xS, xC(   �  fxS

xS, xC( dP xC( , (8)

where xS are the variables for which the PDP should be
plotted and xC are other explanatory variables in the GBRT
model. Usually, the integral formulation in (9) is approxi-
mately estimated by a Monte Carlo method, namely the
average of the training data 1/N 

N
i�1

fxS
(xS, xi,C).

5. Results and Discussions

5.1. Baseline Model and the GBRT Model Regularization.
For the purpose of comparison, we firstly built a multiple
linear regression (MLR) model as a base line, and calculated
the variance inflation factors (VIF) for each explanatory
variable (as shown in Table 4). )e R2 of the MLR model is
0.21. Except for the employment density and the distance to
the nearest chess/card room, most of the explanatory var-
iables are significant with a confidence level above 99%. )e
results of the multi-collinearity test show that there is no
significant multi-collinearity between the built environment,
travel characteristics, and network attributes because all of
the explanatory variables have a VIF value lower than 4.
)us, they will be retained in the GBRTmodel according to
the suggested threshold (larger than five) for excluding
variables [68]. Nevertheless, medium correlations were
found among the built environment attributes and the lo-
cation of the station with some Pearson’s correlation co-
efficients lying between ±0.30 and ±0.49.

According to the estimated coefficients in Table 4, the
more convenient other destinations can be accessed by using
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themetro, the shorter the trip time for elderly is.)e number
of jobs and tourist attractions has a positive impact on trip
time. In addition, metro stations with higher connectivity
and located in the city center could lead to shorter trip times.
)e above results demonstrate that the MLR model explains
the determinants of the elderly’s trip time from a global
average point-of view, without considering the possible
nonlinear associations between the dependent variable and
explanatory variables. To explore the impact of spatial
thresholds on the elderly’s trip time, we report the results of
the GBRT model.

First, in order to avoid over-fitting, we developed the
GBRT model with a 5-fold cross-validation procedure. )e
training dataset was randomly divided into five subsets with
the same sample size. )en, four of the subsets were used to
train a GBRT model in proper sequence, and the remaining
subset was used as validation data to evaluate the performance
of the model. Following the basis of the general experience of
machine learning, we set the learning rate λ as 0.005, and the
depth of the tree as 5. )e model converged after 30,000 it-
erations and achieved the minimum deviance on the vali-
dation subset at 55,968 boosting iterations.)e testing pseudo-
R2 (the square of Pearson correlation coefficient between the
predicted value and real value) for the GBRT model is 0.86,
which is far larger than the R2 of the MLR model.

5.2. 6e Relative Importance of Explanatory Variables.
Table 5 presents the relative importance of explanatory
variables in predicting trip time among elderly travelers for
both the GBRTmodel and the baseline MLR model. In the
MLR model, the relative importance can be defined as the
improvement of the model goodness-of-fit R2 by adding one
explanatory variable [18, 64]. A strong correlation was found
between the relative importance of explanatory variables for
the GBRTand theMLR - the value of the Pearson correlation
coefficient is 0.69. However, Table 5 shows that the rank is
quite different between the relative importance of explan-
atory variables (GBRT) and % R2 (MLR). It is probably
because of the weak hypotheses of the MLR model that the
relationships are linear for log-linear and the explanatory
variables are irrelevant to each other.

)e relative importance indicates the relative increase in
the impurity while permuting some explanatory variable.
According to the result of the GBRTmodel, the locations of
metro stations–both boarding and alighting–are the most
important explanatory variables, which contribute to a total
of 15.18% of explanation power. )e joint contribution of
the built environment attributes is 72.01%, whereas the three
travel characteristics only account for 3.70% of explanation
power. It suggests that the trip times of elderly’s metro use
mainly depend on the location of the stations and sur-
rounding environment attributes. Besides, the departure
time (morning peak, evening peak, or non-peak) also slightly
influences the travel duration.

As for the relative importance of location and sur-
rounding environment attributes, no obvious significant
difference between the boarding and alighting stations can
be observed. )e aggregated contribution of explanatory

variables is 46.51% and 50.32% for the boarding and
alighting stations, respectively. It is probably because the
metro is usually used for closed-loop travel (e.g., an elderly
may go shopping at a convenience store from home, and
then get back home after the activity is finished).

)e relative importance of single-build environment
attribute collected from both boarding and alighting stations
for a trip are ordered from high to low: distance to the
nearest bike station (10.75%), distance to the nearest con-
venience store (10.12%), distance to the nearest restaurant
(8.48%), distance to the nearest bus stop (8.20%), distance to
the nearest chess/card room (8.11%), employment density
(7.20%), distance to the nearest park/open square (6.73%),
sport/gym density (6.70%), tourist attractions density
(5.69%). It indicates that the transfer facilities near metro
stations, including bikesharing facilities and bus stops, play a
major role in the elderly’s trip time. Especially, distance to
the nearest convenience store around the boarding station is
the most important explanatory variable among the built
environment attributes. )is is expected because Chinese
elderly people usually undertake the responsibility of ac-
quiring family daily necessities. Compared with a healthy
lifestyle such as exercise and outdoor travel, the trip time is

Figure 3: Solution process of GBRT model.
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more easily affected by indoor sedentary enter-
tainment—playing chess/card. )is result is consistent with
the results of Feng [21] and Cheng et al. [64].

5.3. 6e Nonlinear Associations between Explanatory Vari-
ables and Trip Time. Partial dependence plots were used to
demonstrate the nonlinear associations between the ex-
planatory variables and the elderly’s metro trip time. In
addition to the predicted curves produced by the GBRT
model, we drew smooth curves for easily observing the
general trend of the association. Notably, all the explanatory
variables related to distance are intercepted within 2 km
which is different from the general service range (800m),
because the buffer zone of the metro station can be extended
with bike-sharing mode as a feeder.

5.3.1. Built Environment Characteristics. As for the built
environment variables, distance to the nearest bike station is
the most important factor influencing the elderly’s metro
trip time (10.74%), followed by distance to the nearest
convenience store (10.11%), restaurant (8.47%) and bus stop
(8.20%). We only analyze the four most important variables
due to the limitation of length. Figure 4(a) presents the
effects of distance to the nearest bike station on predicting
the trip time of elderly metro users, controlling for all the
other explanatory variables. )e general trend is that

distance to the nearest bike station is negatively associated
with trip time, while a significant nonlinear association exists
on both boarding and alighting stations. Taking distance to
the nearest bike station on the boarding (origin) side as an
example, distance to the nearest bike station on the boarding
side has a linear effect on trip time when it increases from 0
to around 200m; then the effect becomes positive (negative
sometimes) when the distance to the nearest bike station is
from 200m to 1,000m; trip time decreases from 34min to
28min when this variable exceeds 1,000m. Perhaps this
result occurs because long-distance elderly metro users are
more likely to accept longer walking transfer distances which
can be considered as sunk costs of metro trips. But metro
stations surrounded by accessible bike-sharing stations
(within 250m) are usually located in areas with higher
degrees of the land-use mixture, which, however, decreases
the likelihood of long-distance travel. Similar results can be
found from the alighting (destination) side.

Figure 4(b) presents the partial dependence plots for
distance to the nearest convenience store on boarding and
alighting sides. It is clear that distance to the nearest con-
venience store has a significant nonlinear association with
trip time. Distance to the nearest convenience store has
almost no effect when it is less than about 700m on both
sides, while the trip time differs between boarding and
alighting stations when the distance to the nearest con-
venience store exceeds 700m. As for the boarding station,

Table 4: Linear regression model results.

Description Coefficient t-test p value VIF
Constant
Built environment
Employment density_O 0.627 1.222 0.222 1.343
Employment density_D −0.056 −0.107 0.915 1.362
Distance to the nearest bike station_O 0.948 26.192 0 1.323
Distance to the nearest bike station_D 1.042 28.518 0 1.316
Distance to the nearest bus stop_O 2.673 15.23 0 1.385
Distance to the nearest bus stop_D 3.144 17.837 0 1.384
Distance to the nearest chess/card room_O −0.042 −0.526 0.599 2.407
Distance to the nearest chess/card room_D 0.062 0.768 0.443 2.415
Distance to the nearest convenience store_O 1.008 3.617 0 2.248
Distance to the nearest convenience store_D 2.247 8.066 0 2.317
Distance to the nearest park/open square _O 2.406 24.651 0 2.283
Distance to the nearest park/open square _D 2.677 27.592 0 2.293
Distance to the nearest restaurant _O 5.662 21.125 0 1.884
Distance to the nearest restaurant _D 4.736 17.757 0 1.926
Number of sport/gym_O 0.008 3.817 0 1.839
Number of sport/gym_D 0.012 5.342 0 1.842
Tourist attractions density_O 0.047 20.363 0 1.893
Tourist attractions density_D 0.053 23.21 0 1.907
Travel characteristics
Daily frequency −0.035 −53.882 0 1.018
Morning peak 0.937 8.598 0 1.044
Evening peak −1.643 −12.006 0 1.036
Network attributes of metro stations
Betweenness centrality_O −14.964 −32.487 0 1.351
Betweenness centrality_D −13.811 −30.241 0 1.346
Location of boarding station 5.238 46.978 0 3.281
Location of alighting station 5.251 47.153 0 3.307
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1500m is an important turning point: before which a
significant decline of the trip time is observed, whilst after
which the trip time increases rapidly again. However, the
curve is much more flattened on the alighting site.)is may
be because 700m is a walking distance threshold for the
elderly to use the metro for shopping, and the elderly seem
to be not sensitive to the change of walking distance to
convenience stores within this acceptable threshold. It is
less likely for the elderly to use the metro to access con-
venience stores that are not within a walkable distance.
Some elderly people are likely to ride shard bikes as a feeder
mode from convenience stores to their boarding station
because 1,500m is a cycling distance threshold for the
feeder in general. )is explains the elevation of trip time
after 1500m on the boarding side. )at is, bike-sharing
provides opportunities for the elderly to acquire daily
necessities from more alternatives.

Figure 4(c) presents the partial dependence plots for
distance to the nearest restaurant on both sides. )e curves
indicate the association between the variable and trip time
differs between the boarding and alighting station. Trip time
is relatively stable from 0 to 1500m but increases rapidly
after 1500m on the boarding side, while it has a general

growth trend on the alighting side except for the first 300m.
)is suggests that 1,500m is a spatial threshold on the
boarding site. Elderly metro users tend to use a shared bike
as a feeder mode to travel long distances for meals, as the
distance from the restaurant to the metro increases. )is
result cannot be found in the linear model (see Table 4).

Figure 4(d) demonstrates the nonlinear effects of dis-
tance to the nearest bus stop on trip time. Specifically, the
effect is negative when the variable is less than about 300m,
while it becomes positive when the distance to the nearest
bus stop is between 300m and 1250m. After that, trip time
becomes stable. )is phenomenon may be the consequence
of both land use and travel behavior. On the one hand, metro
station with high-density bus stop is usually located in areas
with higher degrees of land-use mixture, and hence elderly
people can participate in their activities within a short travel
range. On the other hand, 1,250m may be the distance
threshold for elderly people taking the bus from home to the
boarding station, and those who use the bus as a feeder mode
tend to make long-distance trips, where the walking transfer
distance can also be taken as a sunk cost. )erefore, in-
creasing bus stops within 1,250m around the metro station
and the residential areas could encourage elderly people to

Table 5: Relative importance of all the variables.

Description )e relative importance of MLR
(%) Total (%) Relative importance of GBRT

(%) Total (%)

Constant
Built environment
Employment density_O 0.412

72.00

3.650

56.44

Employment density_D 0.497 3.553
Distance to the nearest bike station_O 4.120 5.013
Distance to the nearest bike station_D 4.862 5.734
Distance to the nearest bus stop_O 1.711 3.868
Distance to the nearest bus stop_D 2.287 4.333
Distance to the nearest chess/card room_O 3.266 3.957
Distance to the nearest chess/card room_D 3.941 4.154
Distance to the nearest convenience
store_O 3.309 3.677

Distance to the nearest convenience
store_D 4.466 6.440

Distance to the nearest park/open square
_O 7.203 3.366

Distance to the nearest park/open square
_D 8.239 3.397

Distance to the nearest restaurant _O 4.327 4.247
Distance to the nearest restaurant _D 4.127 4.235
Sport/gym density_O 1.726 3.565
Sport/gym density_D 1.580 3.131
Tourist attractions density_O 0.226 2.682
Tourist attractions density_D 0.139 3.006
Travel characteristics
Daily frequency 6.567

3.17
2.899

7.27Morning peak 0.238 0.196
Evening peak 0.467 0.074
Network attributes of metro stations
Betweenness centrality_O 4.211

24.82

4.271

36.29Betweenness centrality_D 3.806 5.369
Location of boarding station 14.087 8.214
Location of alighting station 14.185 6.968
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travel by metro-bus integrated mode, especially for the el-
derly who travel a short distance.

5.3.2. Other Explanatory Variables. Other explanatory
variables we considered in this study are travel character-
istics and network attributes of metro stations. As for travel
characteristics, the daily usage frequency of the metro is the
most important variable. Figure 5(a) presents the effects of
daily usage frequency on predicting the trip time of elderly
metro users, controlling for all other explanatory variables.
)e elderly’s daily usage frequency of the metro is negatively
associated with the trip time when they travel less than three
times per day. However, this effect turns positive when the
daily usage frequency of the metro exceeds three times per
day. )erefore, three times per day can be deemed as an
important usage frequency threshold of the metro, before
which the trip time decreases from 30.5min to 27min, after
which it increases from 27min to more than 31min. )is
finding indicates that with the increase in usage frequency of
the metro, the trip time of the elderly decreases in general.
However, those who use the metro more than three times
per day are more likely to travel long distances. Since the
average number of elderly’s daily metro use is about 0.5
times (Table 2), the daily usage frequency of metro is
negatively correlated with trip time in general. )is result is
consistent with the literature (e.g., [29, 43]).

As for network attributes of metro stations, both be-
tweenness centrality on the boarding and alighting stations
and the region where the stations are located play key roles
in trip time. Among them, the partial dependence plots for
station location are three straight lines because station lo-
cation variables are categorical variables, and we will analyze
them in the next section in detail. Figures 5(b) and 5(c)

present the partial dependence plots for betweenness cen-
trality on the boarding and alighting side, respectively.
Taking Figure 5(b) as an example, we found that trip time
decreases sharply (from 34min to 29min) when the be-
tweenness degree is within the range of 0–0.16; and trip time
becomes stable at about 0.16. )is indicates that the be-
tweenness degree has a notable threshold effect on trip time,
which may be caused by the law of diminishing marginal
utility. Since the index reflects the proportion of shortest
paths going through the boarding station in the metro
network, a larger betweenness value indicates a more im-
portant boarding station for the elderly. )erefore, within
the threshold range, trip time decreases with the increase of
station importance. However, there are still many stations in
Nanjing whose betweenness centrality is far less than 0.16.
Supply buses and shared bikes should be added around these
metro stations so as to increase the betweenness degrees to
0.16.

5.4. 6e Interaction Effects of Explanatory Variables on Trip
Time. )e GBRT model can not only have advantages in
fitting nonlinear and nonregular relationships between the
explanatory variables and trip time, but also can automat-
ically capture the interaction effects among explanatory
variables [58, 69]. Figure 6 presents an intelligible example to
understand the phenomenon of variable interaction. If the
location of the boarding and alighting station does not
interact, the partial dependence function can be decomposed
as follows:

fLb,LL
(i +1, j +1) � fLb,LL

(i,j) +Δi+1,j

i,j
fLb,LL

+Δi,j+1
i,j

fLb,LL
,

(9)
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Figure 4: )e effects of built environment on trip time (the top four variables of importance).
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where fLb,LL
(i, j) is the partial dependence function with

Lb � i and LL � j, i+1,j
i,j

fLb,LL
denotes the deviation as

fLb,LL
(i + 1, j) − fLb,LL

(i, j).
)us, fLb,LL

(3, 3) should be the sum of fLb,LL
(3, 2) and

the deviation fLb,LL
(2, 3) − fLb,LL

(2, 2) that is obviously
larger than zero. However, the actual value of fLb,LL

(3, 3) is
even lower than fLb,LL

(3, 2). It means that the location of
the boarding station and the location of the alighting
station interact with each other. As an additive model, the
MLRmodel will provide an overestimation for the trip time
while the origin and destination are all located in an ex-
urban area.

We used H-statistic mathematically method proposed
by Friedman and Popescu [70] to measure the interaction
between explanatory variables. )e H-statistic is dimen-
sionless and always in the range of 0 to 1—an interaction
statistic of 0 indicates no interaction between the two

explanatory variables, and the statistic is 1 when the es-
timated trip time only comes through the interaction. )e
total H-statistic (variable k vs. all other variables) is quite
difficult to evaluate, especially in our case whose data has
high variable dimensions and large sample size. )erefore,
we only compute the two-way H-statistic (variable j vs.
variable k). )e average H-statistic for each explanatory
variable with other variables is displayed in Figure 7. It
shows that the distance to the nearest chess/card room
surrounding the alighting station has the strongest in-
teraction with other explanatory variables. )e value of
the H-statistic (�18.5%) means that an average of 18.5
percent variance (difference between observed and no-
interaction PD) can be explained by the interaction effects
between the nearest chess/card room on the original side
with other explanatory variables.

A high relative interaction effect on trip time was found
between distances to the nearest restaurant and chess/card
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Figure 5: )e effects of daily travel frequency and betweenness degree on trip time.
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room on the alighting side, for which the interaction ac-
counts for 41.6% of the variance of the output of the partial
dependence (as shown in Figure 8). A general upward trend
is found in trip time with the increase of the distance to the
nearest restaurant on the alighting side, which is consistent
with the aforementioned findings. A downward trend can be
observed in trip time with the increase of the distance to the
nearest chess/card room on the alighting side. However, this

downward trend is moderated by the nearest restaurant on
the alighting side. When the distance to the nearest res-
taurant on the alighting side grows from 0 to 2.2 km, the trip
time reduction varies by the distance to the nearest res-
taurant on the alighting side. )ere is no observable change
when the distance to the nearest restaurant on the alighting
side is less than 500m; then the trip time falls by about 8
minutes as the distance to the nearest restaurant moves to
the range 500–1500m. )e trip time drops to the lowest
point (about 15 minutes) when the distance to the nearest
restaurant reaches 2 km. )is variation may be attributable
to two potential explanations. First, playing chess or card is
usually an incidental leisure activity after dinner with
friends. Second, the chess/card rooms are relative more
familiar to those elderly people who live nearby, which is
different from restaurants that can be easily found with web-
based takeout meal services (e.g., the Meituan app).

In order to more intuitively observe the interactive
effects of the explanatory variable on trip time, we took the
interaction between the categorical variable and one of the
other continuous variables as an example. Figure 9 displays
how the location of boarding stations moderates the effect
of the number of sports/gyms around the alighting station
on trip time. When the original station is located in an
exurban area, the increase in the number of sports/gyms
around the alighting station, ranging from 5 to 30, has a
salient influence on the trip time of the elderly, which is
larger than the original station located in urban or sub-
urban area. It suggests that the elderly living in the exurban
area are more likely to take long-distance metro travel for
their healthy lifestyle. )is may be resulted from that the
elderly people living in the city center are more likely to live
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with their children and have to take on more household
responsibilities.

6. Conclusions

Taking Nanjing, China as a case study, this study explored
the influence of built environment attributes, travel-related
characteristics, and network attributes of metro stations on
metro trip time of urban elderly and their nonlinear asso-
ciations using smart card data. Some interesting findings of
the paper can be summarized as follows. First, an elderly’s
acceptable longest metro trip time is 46.7 minutes; long-
distance travel (more than 46.7 minutes) is the main barrier
for the elderly to use the metro. However, about 7.5% of the
elderly in Nanjing spend over 60 minutes on the metro
currently, which is much longer than the acceptable longest
trip time. Given that the average speed of the Nanjing metro
is 35 km/h, some elderly metro users live about 4 km farther
than the ideal trip time. )is is also one of the reasons why
the elderly use themetro less frequently (0.5 times per day on
average). )erefore, land-use mixture planning and the last-
mile issue should be paid more attention to, for example,
bike-sharing or minibuses with well-designed facilities for
cyclists and pedestrians. About 29.09% of the elderly use
metro during the peak hours. )is may aggravate the
congestion of the metro during the peak commute period,
especially in the early peak period. Since departure time of
the elderly has little effect on their trip time based on our
modeling results, the implementation of staggered shifts for
the elderly can be encouraged.

Second, our results show that built environment attri-
butes to play the most important role in predicting trip time,
followed by network attributes of metro stations and travel-
related characteristics. More importantly, all of these vari-
ables are associated with trip time in a nonlinear instead of a
linear way. )erefore, the GBRT mode can provide better

and more reasonable results than the MLR model. In the
model, the specific nonlinear patterns vary among variables.
Distance to the nearest bike station, for example, has both
positive and negative effects on trip time: first decreasing
then increasing and then increasing again. )e effect
thresholds are 200m, 1,000m, and 1,500m, respectively.)e
results of the analysis suggest that if we want to decrease the
elderly’s trip time for those who have to travel by metro,
relevant policy implementation should be carried out in
conjunction with the elderly’s travel environment by re-
garding their threshold effect. For instance, adding shard
bike stations and related services within 200m and 1,000m
to 1,500m around the metro stations. Due to the similar
thresholds of distance to the nearest bus stop, planners can
also add bus stops and routes within 200m around themetro
station to decrease the elderly’s trip time. )e above-
mentioned measures can not only increase the accessibility
of the station but also increase the betweenness centrality of
the station, to increase elderly mobility in Nanjing. In ad-
dition, since shopping, dining, and playing chess or card are
the main travel purpose of elderly metro users, the corre-
sponding facilities should also be laid out according to the
impact threshold analyzed in Section 5.3.1.

)ird, the nonlinear interaction effects of explanatory
variables on trip time have been identified in our study. By
using the H-statistic method, we found that distance to the
nearest chess/card room on the alighting station has the
strongest interaction with other explanatory variables, in
which a high relative interaction effect on trip time is found
between distances to the nearest restaurant and chess/card
room on the alighting station. Besides, we also found that the
number of sports/gyms near alighting stations in urban core
areas, suburbs, and rural areas has different effects on trip
time. )e elderly living in the exurban area is more likely to
take long-distance metro travel for their physical exercise.
)ese findings demonstrate that planners and policymakers
should not only consider one single factor, but also the
interactions of various factors when planning or making
policies. For example, a chess/card room could be provided
for elderly people near restaurants around the metro.

Although this study provides some interesting findings
and new implications with a large set of smart card data, it
still can be further extended from the following aspects.
First, the smart card data lack some important information,
such as the socio-demographic attributes of elderly people.
Future studies could supplement the survey data or phone
signaling data with smart card data to implement a com-
plementary analysis. Second, the spatial attributes of dif-
ferent anchor points (e.g. home, recreation) have been
proved to have different effects on activity-based travel
behavior. To investigate the effects of the exact spatial at-
tributes of stations, a panel analysis with longitudinal data
should be conducted to identify the role of metro stations
that play in the trip chain. )ird, we only developed the
GBRTmodel and the baseline MLR model, which could just
offer insight into the relevance across multiple factors, but
not the causal relationships. We still do not exactly un-
derstand what causal link results in such a significant
nonlinear correlation between the built environment around
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Figure 9: Interactive effects between sport/gyms density and the
location of the boarding station on trip time (H-statistic� 26.9%).
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metro stations and travel distance. )is may influence the
performance of the models in another context. Similar
studies based on other methods such as path analysis and
structural equation model with comprehensive data, in-
cluding the residential location, destination location, trip
purpose, etc., can be an important supplement. It will help to
explore the logical explanation of how the built environment
attributes influence elderly travel distance with metro, and
provide valuable planning suggestions for improving the
quality of life and travel equity for the elderly. Moreover, the
large number of floating populations led to wide variations
in the aging stages between Chinese cities/provinces. )e
findings and the policy implications in this study may be not
transferrable to a different context but nonetheless, it would
be helpful for practitioners to extend this modeling approach
to other cities, as well as other age groups.
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