
����������
�������

Citation: Du, F.; Wang, J.; Liu, Y.;

Zhou, Z.; Jin, H. Equity in

Health-Seeking Behavior of Groups

Using Different Transportations. Int.

J. Environ. Res. Public Health 2022, 19,

2765. https://doi.org/10.3390/

ijerph19052765

Academic Editor: Paul B. Tchounwou

Received: 22 December 2021

Accepted: 24 February 2022

Published: 27 February 2022

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

International  Journal  of

Environmental Research

and Public Health

Article

Equity in Health-Seeking Behavior of Groups Using
Different Transportations
Fangye Du 1,2, Jiaoe Wang 1,2,* , Yu Liu 3 , Zihao Zhou 4 and Haitao Jin 5

1 Key Laboratory of Regional Sustainable Development Modeling, Institute of Geographic Sciences and Natural
Resources Research, Chinese Academy of Sciences, Beijing 100101, China; dufy.18b@igsnrr.ac.cn

2 College of Resources and Environment, University of Chinese Academy of Sciences, Beijing 100049, China
3 Institute of Remote Sensing and Geographical Information Systems, School of Earth and Space Sciences,

Peking University, Beijing 100871, China; liuyu@urban.pku.edu.cn
4 Concord College, Shrewsbury SY5 7PF, UK; stevenzhouzihao@outlook.com
5 School of Computer, Beijing Information Science and Technology University, Beijing 100101, China;

jinht@bistu.edu.cn
* Correspondence: wangje@igsnrr.ac.cn

Abstract: The equity of health-seeking behaviors of groups using different transportations is an
important metric for health outcome disparities among them. Recently, smart card data and taxi
trajectory data have been used extensively but separately to quantify the spatiotemporal patterns
of health-seeking behavior and healthcare accessibility. However, the differences in health-seeking
behavior among groups by different transportations have hitherto received scant attention from
scholars. To fill the gap, this paper aimed to investigate the equity in health-seeking behavior of
groups using different transportations. With sets of spatial and temporal constraints, we first extracted
health-seeking behaviors by bus and taxi from smart card data and taxi trajectory data from Beijing
during 13–17 April 2015. Then, health-seeking behaviors of groups by bus and taxi were compared
regarding the coverage of hospital service areas, time efficiency to seek healthcare, and transportation
access. The results indicated that there are inequities in groups using different travel modes to seek
healthcare regarding the coverage of hospital service areas, time efficiency to seek healthcare, and
transportation access. They provide some suggestions for mode-specific interventions to narrow
health disparity, which might be more efficient than a one-size-fits-all intervention.

Keywords: healthcare accessibility; equity; comparative analysis; smart card data; taxi trajectory data

1. Introduction

Equity of healthcare accessibility is essential for narrowing the disparity of health
outcomes [1–3]. Patients’ travel mode choice is closely related to their socio-economic
characteristics. For instance, low-income patients and the elderly are prone to choose
public transits when seeking healthcare, whereas high-income patients prefer private
cars or taxis [4–6]. Understanding the health-seeking behaviors of groups using different
transportations to seek healthcare is key to effective interventions to precisely evaluate
accessibility and narrow health outcomes among them.

The past decades have witnessed an exponential growth of scientific research that
investigates human activities and urban dynamics. Traditionally, travel survey data was
widely used to explore travel behavior, human daily activities, activity space, etc. [7,8]. Such
data have long been criticized for their limited sample size, high cost, and inefficiency [9,10].
The recent advances in data collection and analysis methods allow for investigation into
human mobilities and urban dynamics with a higher resolution using big data, such as
smart card, taxi trajectory, and mobile phone data [11–13]. Different datasets have different
data structures and reflect different dimensions of human mobility; thus, divergences in
human mobility patterns can be highlighted from different datasets. Nevertheless, much of
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the current literature analyzes only a single type of dataset [14–16]. It is not until recently
that some studies started to explore the divergence [17–20].

Taxi and bus are two popular travel modes to access healthcare in metropolitan areas.
A recent survey on health-seeking behavior in Beijing, China, reported that about 40%
of patients went to hospitals by bus and taxi [21]. With the application of big data on
investigating travel behaviors, methods of inferring health-seeking behavior from smart
card data and taxi trajectory data have been proposed and validated. Moreover, health-
seeking trips from smart card data and taxi trajectory data have been widely used to
investigate hospital service areas, healthcare accessibility, etc. [10,22,23]. Despite fruitful
research outcomes, the differences among health-seeking behavior among groups using
different transportations have hitherto received scant attention from scholars. As indi-
cated by [18,19], differences in travel behavior using varied travel modes exist. These
differences emphasize the need for knowledge regarding how the travel behaviors vary
among groups using different travel modes, based on which mode-specific interventions,
rather than a one-size-fits-all intervention, should be designed to improve overall access to
healthcare. Without a consideration of health-seeking behavior of groups using different
transportations, health planners may misidentify populations with low access to healthcare
and consequently devise less-effective interventions. Therefore, this paper contributes to
the existing literature by investigating the equity in health-seeking behaviors of groups
by different transportations. Using the effective methods widely used in previous studies,
we first extracted health-seeking behaviors from smart card data and taxi trajectory data
in Beijing, respectively. Then, the comparative analysis was conducted in three aspects:
coverage of the hospital service area, time efficiency to seek healthcare, and transportation
access. The results provide some suggestions for improving healthcare accessibility and
narrowing health disparity among different groups.

2. Literature Review

In this section, we first reviewed the literature on travel behavior investigated through
different transport records. Then, related works exploring the health-seeking behavior of
patients using different travel modes were summarized.

2.1. Travel Behavior and Transportation

Each transportation mode has its own unique characteristics regarding service de-
ployment, cost, and customers [24–26]. Public transit, e.g., bus and metro, provide only
station-to-station services. To reach the station and to reach the destination from stations,
other travel modes (such as walking and bicycling) are required, which might have im-
plications for the person’s physical strength [21,27]. Public transit is often preferred by
vulnerable groups, such as low-income groups and older people. Unlike public transit,
taxis provide a door-to-door service, which is more comfortable and flexible, although at
a higher cost [10,22,28]. Private cars are not only comfortable but also flexible with time.
However, limited parking spaces and traffic jams restrict private car use in metropolitan
cities [29].

People’s travel mode choice is the outcome of the interactions among various factors,
such as demographics, socio-economic status, trip characteristics, trip purposes, and service
deployment [25,30]. For example, Böcker et al. (2017) indicated that the travel mode choice
and associated factors are varied across different age cohorts [26]. Kim and Ulfarsson (2004)
found that older people’s travel mode choice is sensitive to trip purposes. In terms of trip
purposes, transits are less frequently used by those doing errands and shopping [31]. Du
et al. (2021) reported that adults are more likely to use cars when making a long trip to
seek healthcare [6]. Regarding service deployment, Commins and Nolan (2011) found that
higher public transport availability and limited parking facilities promote public transit
use for work trips [24].

With the rapid developments of sensing and data collecting technologies, big data,
such as smart card data, taxi trajectory data, and mobile phone data, have been widely
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used to support studies of human mobility, travel patterns, and urban dynamics [12,32,33].
However, they often represent the travel patterns of different groups and reflect different
dimensions of human activity [17,18]. Smart card data records the travel trajectories of
passengers of bus or subway systems [21,27]. Unique card number for passengers enable
researchers to track the trip chains at the individual level. It has been widely used to
explore the change in travel patterns over time, trip purposes, commuting patterns, and
the jobs–housing balance [11,27,34]. Different from smart card data, taxi trajectory data
records the movements of taxis and their occupancy status over space and time. It cannot
track the mobility of specific passengers [10]. Such data has been widely used to present
a detailed analysis of urban traffic conditions, spatial interactions, and the distribution
of pick-up and drop-off points [35,36]. Mobile phone data mainly captures the activity
hotspots and mobility patterns for large numbers of phone users at the base station scale
without the trajectories of a single individual [37–39]. Despite this, the majority of previous
studies only quantify human mobility and travel patterns with a single type of data [14–16].
Realizing that different datasets often reflect different dimensions of human activity, a
few studies have begun to explore the differences among these datasets in investigating
human mobility and urban dynamics [17,40]. For instance, Zhang et al. (2018) proposed an
analytical framework to compare urban mobility patterns extracted from smart card data
and taxi trajectory data [19]. It has been demonstrated, with Singapore as a case study, that
different datasets reveal different urban mobility patterns.

2.2. Health-Seeking Behavior and Transportation

Traditionally, patient registry data are regarded as an ideal dataset to explore charac-
teristics of people’s health-seeking behavior [41]. Such data, however, can be extremely
difficult to obtain due to its confidentiality and sensitivity. The household travel survey
data, collected by government agencies or research institutes, are an alternative to the
patient registry data. With survey data, factors associated with patients’ travel mode
choices are widely explored [4,5]. Du et al. (2021) explored the determinants of travel
mode choice for healthcare-seeking of non-elderly and elderly patients in Beijing, China [6].
Related studies all indicated that patients with different socio-economic characteristics are
prone to choose different travel modes [26,42]. Low-income patients and the elderly are
prone to choose public transits when seek healthcare, whereas high-income patients prefer
private cars or taxis [43]. Therefore, understanding the travel behaviors with different
transportations is not only significant for transport planning but also helps to narrow the
disparity of healthcare accessibility among different groups. However, travel patterns,
especially spatial patterns, are rarely investigated with survey data due to a limited sample
size and poor statistical representativeness [23].

Recently, smart card data and taxi trajectory data have been validated to be effective
datasets to investigate health-seeking behavior [10,44]. For example, Du et al. (2020)
proposed a method to extract transit-based health-seeking trips from smart card data, taking
Beijing as a case study for demonstration and validation [21]. Pan et al. (2018) identified
health-seeking trips from taxi trajectory data and proposed an integrated catchment area
with actual taxi trips in Shenzhen [23]. With health-seeking behavior extracted from
taxi trajectory data, Kong et al. (2017) characterized hospital service areas and patients’
distribution [22]. However, they are often used separately to explore the spatio-temporal
patterns of health-seeking behavior. To date, little attention has been paid to the divergence
among health-seeking behaviors with different transportations.

3. Research Design
3.1. Data Collection and Processing

Beijing, the capital of China, has an extensive public transportation network, especially
in the core urban areas. The urban structure of Beijing is distinctly monocentric (including
the second, third, fourth, fifth, and sixth ring roads). The areas within the sixth ring road are
recognized as the core urban area [10], and this was therefore our study area. Meanwhile,
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the subdistrict was selected as the statistical unit, and there are a total of 171 subdistricts
within the sixth ring road of Beijing (Figure 1). To demonstrate the differences between
health-seeking behaviors of groups by bus and taxi, datasets regarding hospital facilities,
smart card data, and taxi trajectory data were collected, described as follows.
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Figure 1. (a) Study area within the sixth ring road of Beijing; (b) distribution of primary, secondary,
and tertiary general hospitals and the population density in subdistricts.

3.1.1. Hospital Data

According to their functions, hospitals can be classified into general and specialized
hospitals. General hospitals provide various medical services, whereas specialized hospitals
only serve patients with certain types of diseases, e.g., cardiovascular disease, or specific
groups of patients, e.g., children and pregnant woman. Specialized hospitals were excluded
from this analysis because they do not serve the general population. General hospitals
are further classified into three tiers: primary, secondary, and tertiary hospitals. Tertiary
hospitals provide the most notable specialists, professional skills, and advanced equipment.
We obtained from Baidu Maps a total of 227 general hospitals within the sixth ring road of
Beijing, including 147 primary, 30 secondary, and 50 tertiary hospitals. (Figure 2). Since
most departments in hospitals are out of service during the weekend, we collected smart
card data and taxi trajectory data for five consecutive working days in a week (both from
13–17 April 2015).

3.1.2. Public Transport Records

All bus lines in Beijing have adopted a distance-based fare system since January 2015.
The system records trip information when passengers swipe their card upon getting on and
off the bus. Information recorded includes card ID, operation date, get-on stop (latitude and
longitude), get-on time, get-off stop (latitude and longitude), and get-off time. Examples of
smart card records are shown in Table 1. From 13–17 April 2015, 39.5 million records of
smart card data were collected from 7.8 million card users. Figure 2a describes the density
of bus trips by subdistrict, which was shown to be highly related to the distribution of bus
stops. To zoom in on the distribution of bus stops, the Jinrongjie subdistrict, located in the
core urban areas, was selected as an example (Figure 2a).
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Table 1. Examples of smart card records in the bus system.

Card ID
Get-On Stop Get-Off Stop

Latitude Longitude Time Latitude Longitude Time

0002 116.489 39.968 10:44:00 116.204 39.927 11:12:00
2092 116.468 39.952 16:10:10 116.489 39.968 17:20:20
0012 116.470 39.867 8:10:00 116.450 39.856 8:30:20
0050 116.398 39.975 11:30:35 116.444 39.711 12:30:40

3.1.3. Taxi Trajectory Data

A taxi trajectory system collects information on each taxi’s location (latitude and
longitude), time, status (vacant or occupied), and speed every 10 s (Table 2). Based on this
information, the pick-up and drop-off information for each trip can be identified. We thus
obtained the vectors from (xO, yO, tO) to (xD, yD, tD), where x and y represent the latitude
and longitude of points, and t was the time of drop off or pick up. Consistent with smart
card data, taxi trajectory data from 13–17 April 2015 were collected. There were about
8 million taxi trips generated by 19,700 taxis. Figure 2b depicts the density of taxi trips
by subdistricts, and we found that the taxi trips were mainly concentrated in the areas
within the fourth ring road. As observed from the Jinrongjie subdistrict, the pick-up and
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drop-off points were denser for taxis than buses, since taxis can stop almost anywhere
along the road.

Table 2. Examples of taxi trajectory data.

Taxi ID
Pick-Up Point Drop-Off Point

Latitude Longitude Time Latitude Longitude Time

febc89a6 116.582 40.079 2 April 2015 7:35 116.352 39.980 2 April 2015 8:00
98ea748 116.249 39.984 2 April 2015 15:06 116.272 39.955 2 April 2015 15:24
de864n 116.468 39.952 2 April 2015 21:03 116.489 39.968 2 April 2015 22:06

3.2. Methods
3.2.1. Inferring Health-Seeking Trips from Smart Card Data

As bus stops serve all facilities nearby, getting off at a bus stop near a hospital does
not necessarily mean that the passenger is heading for the hospital. It was thus necessary
to further confirm health-seeking behavior from other sources of information. Each activity
has its unique spatial, temporal, and behavioral characteristics; thus, a set of constraints
proposed by Du et al. (2020) was used to extract health-seeking trips from smart card
data [21]. The data processing was done on the Python platform. The specific method is
described as follows.

The trip chain was first constructed for each passenger, including several trip legs
based on their unique card ID. All transfer activities, identified by an activity duration
shorter than 20 min and displacement shorter than 500 m, were removed to identify the
origins and destinations of trips. Then, trip chains containing a pair of get-on and get-off
stops that were both within walking distance (500 m) of the same health facility were
extracted. Furthermore, only trips with a duration between 50 and 300 min were included.
In addition, the maximum frequency of health-seeking was set as once every three days,
which is consistent with the health-seeking frequency of patients with chronic diseases.
As the trip purpose of companions is not to seek healthcare, only one trip was utilized for
multiple instances of the same health-seeking trip (regarding boarding and alighting time
at all stops, origins, destinations and the time of stay in healthcare facilities). With a set
of spatial, temporal, and behavioral constraints, about 62,000 health-seeking trips were
identified from 5.4 million trip chains.

3.2.2. Extracting Health-Seeking Trips from Taxi Trajectory Data

The locations of drop-off and pick-up points can reflect facilities where passengers
visit. The distance between the locations of drop-off/pick-up points and facilities is a good
metric for the purpose of the trip. In this case, the distance between a drop-off point and
the nearest hospital was set to extract trips to hospitals (also named health-seeking trips by
taxi) from taxi trajectory data. The frequency distribution of the distance between drop-off
points and the nearest hospital (hospital gate) is shown in Figure 3. The results indicate
that the number of trips increased in the range of 0 to 40 m and then decreased in the
range of 40 to 50 m. When the distance was longer than 50 m, the number of trips began
to increase, as trips to other destination facilities might have been included. Therefore,
trips with drop-off points within 0 and 50 m from hospital gates were identified as health-
seeking trips. It is worth noting that trips with pick-up points within the range were not
included in this study to avoid double counting. For comparison purposes, the number
of health-seeking trips were multiplied by five. Therefore, both smart card data and taxi
trajectory data represent total samples of trips. Based on this method, there were about
130,000 health-seeking trips by taxi between 13–17 April 2015. The data processing was
also done on the Python platform.
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In total, about 192,000 health-seeking trips were extracted from smart card data and
taxi trajectory data in Beijing between 13–17 April 2015. Figure 4 depicts the distribution
of health-seeking trips, which were highly consistent with the distribution of hospitals.
Specifically, health-seeking trips tended to be concentrated in the core areas of the whole
city and the core areas of subdistricts in the periphery, such as the Liangxiang subdistrict of
the Fangshan district located in the southwestern corner of the city near the sixth ring road.
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3.3. Research Framework

As indicated in existing studies, individuals’ travel mode choices are often based
on their demographic characteristics, economic statuses, physical activeness, and built
environment nearby [6,45]. For instance, individuals who use buses need to complete the
journey from bus stops to hospitals and from home to bus stops by other travel modes,
such as walking and bicycling. It requires more physical strength but is more economically
affordable. Compared to buses, taxis are more flexible regarding location and time but
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have higher fees. Patients with physical limitations and high incomes are more likely
to choose taxis. For this reason, there might be inequity in the health-seeking behaviors
of groups by bus and taxi. In previous attempts on exploring health-seeking behavior
and healthcare accessibility, however, the same healthcare demand and hospital service
areas were applied for different transportations [45]. In this circumstance, populations
for which healthcare is inaccessible might be misidentified. Therefore, this study aims
to explore the equity in health-seeking behaviors of groups using different travel modes.
Specifically, health-seeking trips were first extracted from the smart card and taxi trajectory
data with different constraints due to the different data structures. The coverage of the
hospital service area, time efficiency to seek healthcare, and transportation access are three
aspects that are closely related to healthcare accessibility. Thus, health-seeking behaviors of
groups by bus and taxi were compared in the three aspects mentioned above. The analytical
framework is shown in Figure 5.
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4. Results and Discussion

As patients have varied demographic characteristics, economic statuses, and physical
activeness, they might be inequity in health-seeking behaviors, such as time efficiency to
seek healthcare and transportation access. This study illustrates the equity of health-seeking
behavior by bus and taxi in three aspects: coverage of hospital service area, time efficiency
to seek healthcare, and transportation access.

4.1. Coverage of Hospital Service Area

Depending on the transportation mode, hospitals often provide services for the popu-
lation in only some subdistricts. For example, patients located in the subdistricts without
bus services, or with inconvenient access to them, are less likely to seek healthcare by
bus. Therefore, hospital service areas estimated by smart card data do not cover these
subdistricts. As demarcating hospital service areas is an important part of assessing hos-
pital accessibility, the coverages of hospital service areas estimated by smart card data
and taxi trajectory data were compared to preliminarily understand their differences. The
top 10 hospitals regarding the coverage of hospital service areas are listed in Table 3. For
both smart card data and taxi trajectory data, the top 10 hospitals regarding coverage
were all tertiary hospitals. It is reasonable because advanced technology and professional
doctors attract a great number of patients [45]. Furthermore, we found that hospital service
areas weere varied according to the transportation mode, with the coverage of service area
by taxis being greater than that by buses, consistent with the wider spatial coverage of
taxi services.
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Table 3. The top 10 hospitals accessed by subdistrict, extracted from smart card data and taxi trajectory data.

Smart Card Data Taxi Trajectory Data

Rank Hospital Hospital Level No. Subdistricts Hospital Hospital Level No. Subdistricts

1 Beijing Shijitan Hospital Tertiary 70 Beijing Xiehe Hospital (East) Tertiary 114
2 Chinese P.L.A. General Hospital Tertiary 54 Beijing Tongren Hospital Tertiary 112
3 China-Japan Friendship Hospital Tertiary 66 Peking University Third Hospital Tertiary 110
4 Beijing Anzhen Hospital Tertiary 64 Chinese P.L.A. General Hospital Tertiary 110
5 Beijing Tongren Hospital Tertiary 64 Beijing Xiehe Hospital (West) Tertiary 108
6 Beijing Xiehe Hospital (East) Tertiary 59 Beijing Xuanwu Hospital Tertiary 106
7 Peking University People’s Hospital Tertiary 59 China-Japan Friendship Hospital Tertiary 105
8 Beijing Friendship Hospital Tertiary 54 Beijing Chaoyang Hospital Tertiary 103
9 Beijing Chaoyang Hospital Tertiary 52 Peking University First Hospital Tertiary 102

10 Peking University Third Hospital Tertiary 51 Beijing Anzhen Hospital Tertiary 100
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To further understand the differences in hospital service areas by bus and taxi, the
service areas of four representative hospitals in Beijing estimated by smart card data and
taxi trajectory data were compared. Chinese P.L.A. General Hospital, Peking University
Third Hospital, Beijing Anzhen Hospital, and Beijing Tongren Hospital were selected as
the representative hospitals, as their service area coverages are large, making them suitable
for estimation from both smart card data and taxi trajectory data. As shown in Figure 6,
the hospital service areas for the two datasets are both centered around the corresponding
hospitals. More importantly, the hospital service area by taxi has a wider coverage than
that by bus. An explanation might be that the pick-up and drop-off points of taxis are
more flexible compared to buses, as they can serve subdistricts with no bus services. In
contrast to other activities, those who seek healthcare often have physical limitations, which
promote taxi use. Spatially, hospital service areas by bus and taxi overlap in subdistricts
immediately surrounding the hospitals. In addition, hospital service areas by taxi also
cover the subdistricts surrounding the overlapped subdistricts. Meanwhile, hospital service
areas by bus cover subdistricts that have convenient bus services but are relatively far away
from hospitals.
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4.2. Time Efficiency to Seek Healthcare

The travel time to hospitals was used here to measure patients’ time efficiency to seek
healthcare. Taxis provide door-to-door services, and passengers’ drop-off and pick-up
points are often near their origins and destinations. The difference between the drop-off
time and pick-up time is roughly equal to the travel time. Buses, however, only provide
station-to-station services. For bus trips, door-to-door travel time must also include the
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walking time toward and away from bus stops, waiting time for a bus, and transfer time
between different bus routes. The acceptable walking distance of bus passengers in Beijing
is 500 m, and the walking speed is about 5.5 km/h. In light of this information, passengers’
walking time toward and away from bus stops were assigned randomly with a range of
1–5 min. As buses in Beijing have a 15–20 min headway, we assigned a random value
between 1 and 20 min to each passenger’s waiting and transferring between different bus
routes. The travel distance of each health-seeking trip by bus was calculated as the sum of
the network distance between the on-station and off-station, the distance between the origin
and on-station, and the distance between the off-station and hospital. As the acceptable
walking distance of bus passengers in Beijing is 500 m, the distance between the origin and
on-station and the distance between the off-station and hospital were assigned randomly
in the range of 0–500 m. Trips by taxi, on the other hand, were calculated as the network
distance between the origin and destination.

Statistically, the average travel time of health-seeking behavior by bus was 24.6 min,
which was 3.4 min longer than that by taxi. However, the average travel distance of
health-seeking trips by bus was about 5.6 km, which was 0.9 km shorter than by taxi.
This indicates that taxis are more efficient for health-seeking behavior compared to buses.
Furthermore, a distance-decay effect of health-seeking behavior by both travel modes
was present. For both taxis and buses, the distance decay phenomenon occurs when the
travel distance is longer than a certain value, namely 2 km for taxis and 2.5 km for buses.
Meanwhile, the decay coefficient of health-seeking behavior by bus is much higher than
that by taxi (Figure 7). This finding is consistent with previous literature, such as the study
by [19]. One explanation of this could be that the travel distance of health-seeking trips is
more concentrated.
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Figure 7. Distance decay of health-seeking trips by bus and taxi.

Spatially, the subdistricts located in the southwestern corner, northeastern corner,
and northwestern corner between the fifth and sixth ring roads had a long travel time
when seeking healthcare by bus (Figure 8a). One simple reason is that patients in these
subdistricts seek healthcare in hospitals far away from them. Surprisingly, some subdistricts
in the core urban area also had relatively long average travel times to hospitals. Hospital
choice and traffic congestion might be two main contributors to this phenomenon. Figure 8b
depicts the spatial distribution of the average travel time of health-seeking behavior by
taxi, which shows a distinct monocentric structure. The subdistricts located in the core
urban areas had a shorter average travel time than those in the periphery. In addition,
the subdistricts in the periphery areas with tertiary hospitals, such as subdistricts near
Liangxiang Hospital, Daxing People’s Hospital, and Tongren Hospital (Yizhuang), also had
a short travel time, as patients in these subdistricts are more likely to seek healthcare in the
hospitals nearby.
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Figure 8. Distribution of average travel time of health-seeking behavior by bus (a) and taxi (b).

4.3. Transportation Access

Travel mode choice is an important indicator for transportation access. Here, the
temporal dynamics and spatial patterns of travel mode choice were investigated. Health-
seeking behaviors by bus and taxi each showed distinct temporal dynamics. As shown in
Figure 9a, the arrival time of health-seeking behavior by bus showed a bimodal distribution,
with peaks at 8:00–10:00 and 13:00–15:00. For health-seeking behavior by taxi, patients
might arrive at hospitals at any time in a day, and there was no distinct peak hour. By
comparing the proportion of patients seeking healthcare with the two travel modes by the
hour, we found that taxi is the dominant travel mode for health-seeking behavior, with
its proportion consistently over 50%, even in the peak hours of health-seeking by bus
(Figure 9b). The reason might be that individuals who seek healthcare are often with low
physical activeness and are prone to choose comfort transportation [6].
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Figure 9. Hourly variation of (a) health-seeking trips extracted from smart card data and taxi
trajectory data, and (b) travel mode preference.

For visualization purposes, the number of health-seeking trips by bus and taxi was
compared in each subdistrict to detect taxi-preferred subdistricts (the number of taxi trips
exceeded bus trips) and bus-preferred subdistricts (the number of bus trips exceeded taxi
trips). As shown in Figure 10, taxi-preferred subdistricts were mainly concentrated in the
core areas of the whole city and the core areas of the districts in the periphery, whereas
bus-preferred subdistricts were in the periphery. The core areas are characterized by both
convenient bus and taxi services. As patients who seek healthcare are more likely to have
physical limitations, they would prefer taxi services, which are comfortable and flexible.
Patients located in the periphery areas are often far away from hospitals; thus, they have a
trade-off between transportation cost and comfortable experiences when choosing a travel
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mode. Taxis are charged by trip distance, which is about 2.3 RMB/km in Beijing. Therefore,
taking a long trip would incur a high cost. As a result, patients in areas with convenient bus
services, especially when there are direct bus routes to destination hospitals, might prefer
buses to avoid high transportation costs. However, those located in areas with inconvenient
bus services must take a taxi to seek healthcare.
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4.4. Policy Implications

According to the results, several suggestions and policy implications could be pro-
posed to narrow healthcare disparity. For health planners, more light should be shed on the
spatial coverage of hospital service areas by different travel modes. The demarcation of hos-
pital service areas is the basis for investigating the total demand for a certain hospital, and
thus, it is crucial to assess healthcare accessibility. Depending on travel mode, the service
area of hospitals is often very different. In previous practices, however, the hospital service
area of only one travel mode was considered in the evaluation of healthcare accessibility,
which might lead to misidentification of populations with low access to healthcare, leading
to less-effective interventions. For transportation planners, more direct bus routes should
be planned to connect populations in subdistricts far away from hospitals, especially in
the peak hours of health-seeking. The level of convenience of transportation services is
one of the determinants of travel mode choice to seek healthcare. For example, healthcare
demands through bus services and hospital service areas estimated by smart card data
are both closely related to the distribution of bus services, especially direct bus routes. In
Beijing, top hospitals are often located in the core urban areas with heavy traffic, and thus,
the long travel time caused by traffic congestion is one of the main contributors to low
healthcare accessibility. Since promoting public transportation use can be regarded as one
efficient way to reduce traffic congestion, this study suggests the operation of more direct
bus routes between hospitals and distant subdistricts to narrow the disparities between
groups that use buses and taxis to seek healthcare.

4.5. Limitations

Some limitations in this paper are worthy of discussion. First, with the validated
method proposed by Du et al. (2020), we set spatial, temporal, and behavioral constraints to
extract health-seeking behavior from smart card data [21]. We extracted health-seeking trips
from taxi trajectory data with widely used methods in the research of [22,23]. It is inevitable
that some activities near the hospitals were included. However, they were the minority,
and the results are still effective in providing a global estimation of the spatio-temporal
patterns of health-seeking behavior, rather than accurate estimation. The second issue is
the representativeness of taxis and buses. Buses and taxis are two popular travel modes
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in the metropolis of China. A recent survey on health-seeking behavior in Beijing, China,
reported that about 40% of patients went to hospitals by bus and taxi [21]. Most well-known
hospitals in Beijing with a long history are located in the inner city, where the parking
infrastructure and space are lacking. For example, Peking University Third Hospital has
400 parking spaces but serves more than 7000 patients per day. Furthermore, there are few
public parking spaces around the hospital. In such cases, parking spaces cannot meet the
demands of patients. Third, limited by data availability, we only explained the differences
in health-seeking behavior among patients using different transportation with the evidence
from existing studies, rather than through quantitative methods. In future work, the results
could be further explained with data from a health-seeking behavior survey.

5. Conclusions

Characterized by the large volume and high spatial and temporal precision, big data
have been widely used in investigations of human mobility patterns, urban dynamics,
and more. Moreover, existing studies verified that different transportation records reflect
the different dimensions of human movements. Despite this, the divergences in human
mobility patterns using different transportations have been highlighted only in the very
recent studies. Regarding health-seeking behavior, transportation records, such as smart
card data and taxi trajectory data help us to uncover spatiotemporal patterns and quantify
healthcare accessibility. The differences among health-seeking behavior with different types
of transport remains poorly understood. Without these considerations, health planners
may misidentify populations with low access to healthcare and devise less-effective in-
terventions. This study contributes to the existing literature by exploring the differences
in health-seeking behaviors among groups using different transportations. With health-
seeking behaviors extracted from smart card data and taxi trajectory data as an example, the
differences were explored with a focus on coverage of hospital service areas, time efficiency
to seek healthcare, and transportation access.

We found inequities in groups using different travel modes to seek healthcare re-
garding the coverage of the hospital service area, time efficiency to seek healthcare, and
transportation access. The specific findings were as follows. First, hospitals provide wider
service areas for those taking taxis to seek healthcare as compared with those by bus. Sec-
ond, health-seeking behaviors by taxis are more time-efficient than buses, as health-seeking
behavior by taxi has a relatively long travel distance and short travel time as compared
with the bus. Third, the transportation access varies over space. Overall, the transporta-
tion access in the core urban areas is higher than that in the peripherical areas. In the
periphery areas, patients in subdistricts with convenient bus services might prefer buses,
whereas those who cannot access convenient bus services are more likely to seek healthcare
with taxis.

This work provides insights into the divergences in health-seeking behavior of differ-
ent groups: those seeking healthcare by bus and taxi. The results offer some suggestions
for narrowing the health disparity among different groups by bridging the gaps in their
healthcare accessibility. Although health-seeking behaviors in Beijing were taken as a case
study, the analytical framework proposed in this study could be applied in other cities.
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