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A B S T R A C T

Few studies based on large sample data have examined mobility patterns from a travel distance perspective and
investigated the potential influence of urban form and land use on people's daily travel distances. This paper
provides additional empirical insights into spatiotemporal urban mobility patterns and their relationship with
urban form and land use using station-based average travel distances (ATDs). Drawing on smart card data of the
Nanjing metro system, land use data and open source points-of-interest (POIs) data, we apply exploratory spatial
data and quantile regression analysis to examine distance patterns and explore the potential effects of urban
form and land use calculated at different spatial scales (i.e. 800 m, 2 km and 5 km) on the ATDs. By comparing
mobility patterns between weekdays and weekends and for different times of day, our findings highlight that
ATDs are not uniformly nor randomly distributed in space. Positive spatial autocorrelation is found for different
time segments. The results of OLS and quantile regression models show a positive and robust relationship be-
tween ATDs and distances to the city center (DCs). The models also prove that land use mix (especially measured
at the 2 km and 5 km scale) significantly affects ATDs, supporting the importance of land use mix in decreasing
daily travel distances. No significant relationship is found between ATDs and distances to the nearest subsidiary
center (DSCs), while the employment/entertainment-residence balance has a marginal effect on ATDs at rela-
tively large spatial scales (i.e. 2 km, 5 km). Consequently, with respect to reducing the ATDs, we recommend
enhancing land use mix and reducing the imbalance between employment/entertainment and residence at larger
spatial scales. Potential applications and future research directions are discussed. The findings in the present
paper are helpful for guiding urban planning and policy making.

1. Introduction

Mobility is a key research topic in different fields of study, including
transport, geography, sociology, tourism, etc. (Jin et al., 2018). Ex-
ploring regularities in urban mobility patterns has been considered as a
fundamental but challenging task for decades in these disciplines.
Better understanding regularities in mobility patterns is a sine-qua-none
for formulating efficient and effective transport policies, ranging from
network design, service delivery and the coordinating of urban and
transport planning (e.g., Ukkusuri et al., 2007; Liu et al., 2016;
Gonçalves et al., 2017). However, until recently, research and devel-
opment in this area progressed slowly in part because of the lack of
tools to acquire large amount of spatiotemporal information of in-
dividuals (González et al., 2008). In order to capture the characteristics

of urban mobility, researchers traditionally administered small-scale
travel surveys to collect detailed information about individual move-
ment (e.g. Hanson and Huff, 1988; Schlich and Axhausen, 2003). This
traditional approach has at least two major shortcomings. First, it is
expensive and time consuming to distribute the questionnaires over the
whole population and in reality only a very limited number of people
can be involved. Second, the survey time is normally limited to a par-
ticular day as it is difficult and expensive to collect mobility informa-
tion across a longer period of time. Consequently, the data are in-
sufficient to understand dynamic changes in urban mobility.

In recent years, with the rapid development of information and
communication technology (ICT) and located-based services (LBS), rich
amounts of individual trajectory data containing geotags and time-
stamps can be automatically recorded. For example, information when
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and where a customer is picked up or dropped off by a taxi is easy to
record due to GPS (global positioning system) logs which is installed in
each taxicab (e.g., Zheng et al., 2014; Liu et al., 2015; Zheng et al.,
2016). Similarly, smart card data (SCD) about public transportation use
have increasingly become available (e.g., Long and Thill, 2015; Hong
et al., 2016; Gan et al., 2018). Although these data are not error-free,
the large number of observations can produce enough travel data for
estimating and assessing real-time mobility and traffic flows in a city (Li
et al., 2011). Data collection based on ICT and LBS is more convenient
and less expensive than other forms of data collection. Therefore, such
data have rapidly increased in popularity to study urban mobility pat-
terns. Mobile phone data, GPS data, smart card data, social media
check-in data and other modern large sample data sources are now
widely used. These new large sample data sources provide great op-
portunities to better explore mobility regularities and develop advanced
models of activity-travel behavior (Rasouli and Timmermans, 2014).

SCD records, used in the present study, are an important by-product
of automated fare collection (AFC) systems of urban public transit,
which are primarily designed for fare collection (Song et al., 2018).
Each time a passenger taps-in and/or taps-out of a public transit station,
relevant information is automatically stored, including boarding and
alighting times, boarding and alighting locations, journey distance and
fare. This allows researchers to observe when and where the transac-
tions took place and extract the footprints of many thousands of in-
dividuals. The massive real-time data collected from the AFC systems
provide an efficient way to disclose hidden mobility patterns and spa-
tiotemporal regularities in urban mobility patterns (Pelletier et al.,
2011). Reades et al. (2016) classified mobility research based on SCD
records into four categories: systemic descriptions (Joh and
Timmermans, 2011; Gan et al., 2018), inferred use and activity mining
(e.g. Páez et al., 2011; Wang et al., 2017; Yap et al., 2018), char-
acterization of mobility flows (e.g. Zhu et al., 2014; Sun et al., 2015)
and disruption modeling (e.g. Hong et al., 2016). Among these four
categories, systemic descriptions have drawn most interest because the
description of passenger behavior helps in understanding the perfor-
mance of transit systems (Reades et al., 2016).

Among the growing number of systematic descriptions of urban
mobility, a few studies paid attention to mobility distance. Tao et al.
(2014) developed a multi-step methodology to detect spatial–temporal
patterns in public transport-based travel behavior and created flow-
comaps to visualize aggregate flow patterns at the network level. The
results of an empirical study on bus rapid transit (BRT) in Brisbane
showed a strong central business district (CBD)-oriented pattern of bus
passengers’ trip-making, while the senior groups displayed more spa-
tially dispersed patterns that were less CBD-centered. Long and Thill
(2015), combining smart card data and a household travel survey,
analyzed job–housing relationships in Beijing and found that the
median commuting duration is 35 min, while the median commuting
distance is 7.2 km. By aggregating the trips originating or ending in a
set of zones, their study also illustrated that Beijing still has mono-
centric urban structure and a circular distribution of commuting dis-
tances. In a similar fashion, Wang et al. (2018) found that the ag-
gregated daily movement of passengers is shaped as a ring. However,
these researchers did not systematically examine the association be-
tween average mobility distance and distance to the city center.

Virtually all these studies represent pure descriptions of urban
mobility patterns. Few have investigated the co-varying effects of urban
form and land use (Gan et al., 2018). Consequently, empirical evidence
of effective and targeted policy applications to reduce daily travel
distance, based on large sample data is scarce. This is in sharp contrast
with the hundreds if not thousands of studies on this relationship based
on small travel surveys (e.g. Cervero and Kockelman, 1997; Schwanen
et al., 2004; Maat and Timmermans, 2009; Anastasopoulos et al., 2012;
Ding et al., 2017a, b). It goes without saying that SCD records more
precisely represent public transport mobility patterns than the much

smaller surveys. Due to the smaller sample sizes, land use character-
istics were often calculated on fixed spatial units such as TAZ (traffic
analysis zone), postcode areas or a stationary-radius buffer (i.e. 0.5
mile, 1 mile). This limits the exploration of the assumed relationship
between land use and mobility. Exploring the relationship between
travel distance and land use characteristics using different scales helps
urban planners and policymakers to better understand the influence of
land use characteristics on people's daily travel distances.

Based on this background, this study uses SCD records collected in
Nanjing City, China, to explore distance patterns and investigate the re-
lationships between travel distance and urban form and land use. More
specifically, station-based average travel distances (ATDs) are derived from
passenger flow matrices and the corresponding OD distance matrix.
Exploratory spatial data analysis including global and local Moran I indexes
are used to examine the spatial distribution of ATDs. Next, a quantile re-
gression analysis is conducted to investigate the relationship between ATDs
and the distances from metro stations to the city center (DCs). Finally, the
effects of urban form and land use calculated at different spatial scales (i.e.
800m, 2 km and 5 km) on ATDs are explored. The detailed analyses show
some interesting findings and suggest several policy implications.

This study contributes to the literature in four respects. First, to the
best of the authors' awareness there have been no previous studies that
explored urban mobility through station-based average travel distances
and investigated the relationship between land use mix, housing-job
balance, distance to the city center, etc. and ATDs. Second, we proposed
an analytical framework and progressive analysis procedure for un-
derstanding people's mobility distance from a macro perspective. Third,
this study systemically scans the spatial distribution of ATDs (in-flows,
out-flows and all-flows) and its relationship with urban form and land
use, not only on weekdays and weekends but also during different time
spans within a day. Fourth, this study examines the influence of land
use on ATDs at different spatial scales, while previous studies often
explored the effect of land use based on a stationary scale.

The remainder of the paper is organized as follows. Section 2 presents
an overview of the study area, data processing and methods. Section 3
presents the phenomenon of mobility distance and exploratory spatial
analysis. In Section 4, the relationship between ATDs and DCs, and the ef-
fects of urban form and land use on ATDs are analyzed using quantile re-
gression models. Section 5 concludes a discussion of the results and provides
some potential policy implications. The final section outlines some issues for
future study.

2. Study area and methodology

2.1. The study area

Nanjing, the capital city of Jiangsu Province, is located in eastern
China. It consists of 11 districts (Fig. 1), covering an area of 6,587 km2

with a total population of 8.27 million people in 2016. Similar to other
major Chinese cities such as Beijing and Shanghai, Nanjing is a rapidly
expanding city in terms of its built-up area and population. The urban
built-up area of Nanjing increased from 133 km2 in 1980 to 960 km2 in
2012, and to 1,125 km2 in 2016. The urban population is 6.78 million
in 2016, accounting for 82 percent of the total population. To cope with
the growing urban sprawl and huge travel demand, the local govern-
ment started planning the metro network in 2002. Since the Nanjing
metro system developed rapidly, six metro lines run through nine dis-
tricts of Nanjing by April 2015. The system includes 112 stations,
mainly serving the core districts and connecting the city center and
periphery. As shown in Fig. 1, the city is divided into three regions: 5
core districts, inner districts (Jiangning, Pukou and Qixia districts) and
remote districts (the remaining 3 districts).

Since the Xinjiekou area is considered the spatial center of Nanjing
and Xinjiekou Station (the transfer station of metro lines 1 and 2) is
located in the core of this area, Xinjiekou Station is regarded as the
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location of the center of Nanjing.1 The farthest northern station, Jin-
niuhu Station (the terminal station of metro line S8), is about 50 km
(route distance) from the city center, whilst the farthest southern sta-
tion, Lukou international airport Station, is around 35.6 km away from
the city center. Furthermore, according to the 2015 annual mobility
statistics of Nanjing City, the metro carries 717 million passengers and
34.8 percent of the passenger volume of all types of public transit,
which makes it one of the busiest metro systems in the world.

2.2. Data collection and processing

2.2.1. Station-based average travel distance
The SCD records were collected through the AFC system of Nanjing

metro, which is similar to the Oyster card in London, the SmartTrip
card in Washington, the Ventra card in Chicago, the Octopus card in
Hong Kong, and many others. Two types of smart cards are available for
the metro system. One is the ordinary IC card, also called “Jinlingtong
card”, the other is the single-trip (one-way) ticket. The former one in-
cludes registered and anonymous cards, while the latter only includes
unregistered passengers. The original data spans over a one-month
period (April 2015) covering both types of card. The general

information of each record, including ticket id, tap-in time, tap-out
time, boarding station id, alighting station id and travel duration can be
obtained, while personal information about the card holder is not
available. The data covers two complete weeks (13 April 2015 to 26
April 2015), excluding the other weeks containing a Chinese public
holiday (Qingming Festival). In total, 20,089,577 trips were extracted
from the dataset and served as the data source for this study.

For the purpose of analysis, the dataset was first aggregated to
hourly records (Fig. 2). Based on the origin and destination stations,
daily passenger flow matrices and matrices for specific time spans were
constructed. These matrices quantify the number of people arriving at
and leaving a particular station within a given time span. In addition,
we measured the distance between any two stations and the distances
from each station to the city center (Xinjiekou Station) using a Geo-
graphic Information System (ArcGIS 10.3). Then, the station-based
ATDs were calculated using the following equations:
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where fij
t represents the out-flow of station i moving from station i to

station j within a given period of time t , while f ji
t represents the in-flow

of station i moving from station j to station i within a given period of
time t . dij (or dji) is the distance between stations i and j, and =d dij ji.
ATDout

t i, , ATDin
t i, and ATDall

t i, denote the ATDs of the out-flows, in-flows
and all-flows of station i within a given period of time t , respectively.

2.2.2. Land use mix
To capture the effect of land use mix on ATDs, the land use data of

Nanjing region was collected from the local urban planning bureau
(Fig. B. 1 in Appendix B). The land use mix (LUM) of each buffer was
calculated in terms of the commonly used entropy measure (e.g.,
Cervero and Kockelman, 1997; Jiang et al., 2017):

=
+ + + + +

LUM u
a a b b g g m m r r o o

(1 )
( 1)[ ln ln ln ln ln ln ]/ln(6)

(4)

where u is the ratio of undeveloped land, and a b g m r o, , , , , re-
present the land use ratio of administrative, business and commercial,
green space, industrial, residential and other. The value of land use mix
ranges from 0 to 1. If a buffer only has a single developed land use, LUM
equals 0; if all developed land uses are equally distributed and there is
no undeveloped land, LUM equals to the largest value 1.

LUM was calculated not only based on the conventional 800-m buffer
(small scale, which is normally considered as the catchment area of a
metro station, see Zhao et al., 2014 for an example) but also based on the
2-km (medium scale, normally considered as walking zone) and 5-km
(large scale, bicycling zone) buffers. For the 800-m buffer, people who live
in the catchment area of the station may take part in activities (i.e., work,
shopping, entertainment) but do not need to travel to another metro sta-
tion if this place can meet the demand of work and life. Therefore, it is
interesting to explore whether a high land use mix within the pedestrian
catchment area decreases average travel distance. Besides, if people can
travel (by metro or other short-distance travel modes like bike, electric-
bike and bus, etc.) to a close metro station or nearby (i.e. within 2 km and
5 km) to get access to work or entertainment because of high land use
diversity, the ATDs of this station may become small. Expanding the radius
of the buffer of stations and calculating the corresponding land use mix
helps to understand whether a high land use mix within a medium or large

Fig. 1. Case study area (Nanjing City).

1 Nanjing is a monocentric urban city with one center, Xinjiekou area (see e.g.
Zhao et al., 2014; Engelfriet and Koomen, 2018). However, in recent years,
Nanjing is creating several subsidiary-centers in its outskirts such as Hexi sub-
CBD (in Jianye District), Dongshan Xincheng (in Jiangning District) and
Jiangbei sub-CBD (in Pukou District) (see Fig. 1). Thus, someone may argue
that Nanjing should be considered as a polycentric city, although the com-
mercial scales and economic prosperity of these subsidiary-centers are much
smaller.
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scale (i.e. 2 km, 5 km) has the potential to reduce the ATDs of stations.

2.2.3. POIs-based employment/entertainment-residence balance
Job-housing balance is expected to be associated with travel distances.

It is generally believed that an increasing job-housing balance will reduce
average travel distances (e.g. Cervero and Kockelman, 1997). However,
unfortunately, employment data are not publicly available in China.
Therefore, an alternative data source for studying the relationship between
the job-housing balance and the ATDs is needed. In the present study, an
open data source, points-of-interest (POIs) data is employed. A limitation
of this data is that the number of employees for each POI is not available.

We obtained the POIs data from the Baidu Map (https://map.baidu.
com) application programming interface (API). All of the POIs located in
Nanjing City in 2015 were gathered and ten main categories were used:
hotels, companies/enterprises, shopping sites, financial services, catering
sites, recreational facilities, educational institutions, hospitals, governmental
institutions and residential sites. Three declarations should be explained
beforehand. First, to calculate the employment/entertainment-residence
balance, the first nine abovementioned categories of POIs were classified
into “employment/entertainment” and the category of residential sites is set
as “residence”. Second, we do not separate “employment” and “entertain-
ment” for two reasons. One is that many types of POIs are multi-functional
and not easily classified into one single function (Li et al., 2018). For ex-
ample, shopping sites, catering sites and hospitals are not only related to
“employment” but also account for a certain percentage of “entertainment”.
The other one is that the ATDs include all travel distances across different
travel purposes. Third, counts of the POIs of “employment/entertainment”
are more than that of “residence”.2

Similar to the variable land use mix, the POI_B was also calculated
for the 800-m, 2-km and 5-km buffer. First, we calculated the R_POIi of
station i according to the statistics of POIs of “employment/entertain-
ment” and “residence” within a specific buffer.

=R POI N
N

_ i
iE

iR (5)

where NiE is number of POIs of “employment/entertainment” within the
specific buffer for station i; NiR is the number of POIs of “residence” within
the specific buffer for station i. R_POIi is called the absolute ratio of em-
ployment/entertainment-residence within the specific buffer for station i3.

Second, according to planning theory, the job-housing balance is that
the value of job-housing balance is 1, meaning there is one job for every
persion in a specific area. However, as we mentioned above, the number of
POIs of “employment/entertainment” is often higher than that of “re-
sidence”. Moreover, there is no criterion to judge which ratio of POIs of
employment/entertainment to POIs of residence represents the balance.
To solve this problem, we assume that the relation between total em-
ployment/entertainment and total residence in the whole city is balanced.
Namely, the ratio between the total POIs of “employment/entertainment”
and that of “residence” in the city (R_POI) is the optimal value. The em-
ployment/entertainment-residence balance within a specific buffer for
station i (POI_Bi) can be calculated as follows:

=R POI N
N

_ E

R (6)

Fig. 2. Smart card data records and its aggregation.

2 This is in line with previous studies (such as Yue et al., 2017; Li et al., 2018).
One reason for this is that the POIs of “employment/entertainment” include
many categories while for POIs of “residence” there is only the category of
residential sites. The other reason is that the number of POIs of residential sites
is usually collected as “residential building” or “residential community” in the
digital maps.

3 The area may be more accurate than the frequency. However, this in-
formation is unavailable. Nowadays, the number of POIs is widely used as a
proxy for land use mix and job-housing balance (e.g., Yue et al., 2017; Li et al.,
2018). Though measuring R_POIi by the quantity may be not very precise, this
approach is still useful and meaningful, as a lens, to identify and assess the
employment/entertainment-residence balance.
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where NE is the total number of POIs of “employment/entertainment” in
the city; NR is the total number of POIs of “residence” in the city. The
values of POI_Bi are always equal to or larger than 1. The higher the value,
the higher the imbalance between “employment/entertainment” and “re-
sidence” in the specific area.

In order to judge whether Nanjing City should be considered a
monocentric-city or a polycentric-city and investigate the relationship
between ATDs and distances to the nearest subsidiary centers, the
variable DSC is also employed in the present study. Based on the local
development plans and government reports, such as “Urban Master
Plan of Nanjing City”, “Urban and Rural Construction Plan of Nanjing
City”, etc., three main subsidiary centers (Hexi sub-CBD, Dongshan
Xincheng and Jiangbei sub-CBD) are distinguished. Their locations are
presented in Fig. 1. Table 1 provides a detailed summary about the
collected and generated data. The mean value of the ATDs of all-flows
on a weekday is 14.924 km, which is similar to the mean value of DCs
(12.620 km) and much higher than the mean of the DSCs (7.687 km).
This may suggest that Nanjing can still be viewed as a monocentric-city.
The average values of land use mix for the 800-m (0.545) and 2-km
buffers (0.561) are higher than for the 5-km buffer (0.516), indicating
that the diversity of land use in metro stations is higher than in other
areas. Table 1 also demonstrates that the POIs-based employment/en-
tertainment-residence balance is decreasing with an increasing radius
of the buffer, indicating a higher level of imbalance for areas sur-
rounding metro stations than for areas further away from the metro
stations. This likely reflects the relative concentration of employment in
the areas surrounding metro stations.

2.3. Methodology

The following analyses were conducted using the described smart card
and land use data. First, we conducted spatial autocorrelation analyses
including global Moran's I and Anselin local Moran's I (cluster and outlier
analysis) to test whether station-based ATDs are randomly distributed in
space or there is evidence of positive spatial autocorrelation. Positive
spatial autocorrelation means neighboring stations are more similar than
expected by chance in terms of their average travel distance.

Next, a quantile regression analysis was conducted to investigate the
relationship between ATDs and DCs4 without and with controlling for
the variables DSC, LUM and POI_B for the 500 m, 2 km and 5 km buffers

respectively. Being based on different quantiles (or percentile) points,
quantile regression analysis takes full advantage of the distribution of
the sample data to provide robust conditional quantile regression esti-
mates (Koenker, 2005). The th conditional quantile function for the
ATDs can be expressed as follows:

= + < <y x µ , 0 1 (8)

=Quant y x x( | ) (9)

where y represents the dependent variable ATDs, x represents the in-
dependent variable(s) and µ is the random error term. Quant y x( | )
means the th quantile of the dependent variable y.

The coefficients can be estimated by minimizing the weighted
absolute deviations between the observed and predicted values by
utilizing linear programming methods:

+
<

y x y xmin | | (1 )| |
i y x

n

i i
i y x

n

i i
, ,i i i i (10)

where n denotes the number of metro stations and i represents the ith
station. By setting different values, we can get different quantiles
regressions. Bootstrapping is used to obtain the standard deviation of
the parameters in the regression since bootstrap standard deviation are
robust to heteroscedasticity (Koenker, 2017).

3. Spatial patterns of mobility distances

3.1. Descriptive analysis

We first examine the spatial characteristics of station-based average
mobility distance for weekdays and weekends separately. The spatial
distributions of the station-based ATDs are displayed in Fig. 3. We used
Jenks natural breaks to divide the ATDs into 5 classes. Classes were
color-coded green through to red. For the out-flows during weekdays,
Fig. 3 (a) shows that the ATDs of stations close to the city center are
generally shorter than the ATDs of stations which are distant from the
city center. It indicates that ATDs of outflows on weekdays show the
pattern of concentric rings from the central to peripheral urban areas.
The spatial distributions of ATDs on weekends display a similar pattern.
In addition, similar patterns are observed for the spatial distributions of
ATDs of in-flows and all-flows.

The examination of Figs. B2 and B3 illustrated the mobility distance
patterns for different times of a day. In line with the spatial patterns of a
whole day shown in Fig. 3, similar spatial patterns can be found for dif-
ferent times of day such as morning peak (7:00–9:00), noon
(11:00–13:00), afternoon peak (17:00–19:00) and evening (21:00–23:00).
This indicates that the pattern of concentric rings of mobility distances is a
general phenomenon, independent of time of day.

Table 1
Summary of descriptive analyses.

Variables Descriptions Mean Std.

ATDa Average travel distance for each station (km) 14.924 6.105
DC Distance to the city center for each station (km) 12.620 9.911
DSC Distance to the nearest subsidiary center for each station (km) 7.687 7.948
Land use mix
LUM1 A measure of the composition of different land uses within 800-m buffer of each station 0.545 0.219
LUM2 A measure of the composition of different land uses within 2-km buffer of each station 0.561 0.218
LUM3 A measure of the composition of different land uses within 5-km buffer of each station 0.516 0.237
POIs-based employment/entertainment-residence balance
POI_B1 POIs-based employment/entertainment-residence balance within 800-m buffer of each station 2.924 2.124
POI_B2 POIs-based employment/entertainment-residence balance within 2-km buffer of each station 2.558 2.198
POI_B3 POIs-based employment/entertainment-residence balance within 5-km buffer of each station 1.575 0.903

a Only the statistics of ATD of all-flows within a weekday are presented here as an example.

4 Conventional regression models such as ordinary least squares (OLS) re-
gression actually focuses on the effect of one or more independent variables on
the conditional expectation value, E y x( | ), of the dependent variable. However,
sometimes we are interested in the effects on the 3rd quartile, 90th percentile or
some other percentile rather than what affects the mean.
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3.2. Exploratory spatial data analysis

As the ATDs are not uniformly distributed, spatial autocorrelation was
tested using global Moran I values (using the inverse distance method for
computing the weights matrix). Table 2 presents the results of the global
Moran I tests for each ATD for weekdays and weekends, whilst the results
of the global Moran I tests for each ATD for different times of day are
shown in Tables A1 and A.2. All estimated Moran I values are higher than
the expected I. Thus, there is evidence of positive spatial autocorrelation.

The global Moran I index uncovers any spatial autocorrelation in the
distribution of ATDs from a global perspective, while the Anselin local
Moran I index can further measure the extent to which the values observed
at a location are more similar or dissimilar to a weighted average of the
values observed at the surrounding locations (Anselin, 1995). The spatial
locations of high and low clusters and the significance are mapped in

Fig. 4, B. 4 and B. 5. As shown in Fig. 4, the low values (cold spots) are
found mainly around the city center, which indicates that short ATDs are
mostly clustered in the stations in core districts. Some clusters of high
values (hot spots) can be observed in the outer suburb areas including
some outermost stations of metro lines S1 and S8. The results in Table 2
and the significant spatial clustering displayed in Fig. 4 show that the
spatial distributions of ATDs tend to exhibit a distinct non-random pattern.
Further examinations for the ATDs over a time span of a day demonstrate
similar patterns (Tables A1 and A2, Figs. B4 and B.5).

4. Regression results

4.1. Relationship between ATDs and DCs

To further quantitatively understand the relationship between ATDs
and DCs, OLS and quantile regression analyses were conducted. Five
representative quantiles such as 10th, 25th, 50th, 75th and 90th were
chosen to implement the quantile regression and OLS estimation was
also applied to facilitate comparative analysis. As shown in Table 3, the
results clearly demonstrate a significant and positive relationship be-
tween ATDs and DCs. All coefficients of the independent variable DCs in
Table 3 are statistically significant at the 1% confidence level or higher
in all the spectrums of ATDs. The results show that the relationship is
not dependent on the time periods or flows types, and there is no ob-
vious difference in estimation results between weekdays and weekends
(or among out-flows, in-flows and all-flows).

A further examination of Tables A. 3, A. 4 presents similar mobility

Fig. 3. Spatial distribution of station-based ATDs.

Table 2
Global Moran I tests for spatial autocorrelation of ATDs for weekdays and
weekends.

Day Type of flows Moran I Expected I z-score p-value

Weekdays Out-flows 0.545 −0.009 13.910 0.000
In-flows 0.533 −0.009 13.659 0.000
All-flows 0.539 −0.009 13.793 0.000

Weekends Out-flows 0.541 −0.009 13.821 0.000
In-flows 0.535 −0.009 13.704 0.000
All-flows 0.539 −0.009 13.779 0.000
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distance patterns within a weekdays and weekends. Thus, the patterns seem
common: the ATDs of individuals increase when the metro station is farther
away from the city center.

As Fig. 5 shows, quantile regression provides a richer description of the
response of ATDs to the DCs with varying quantiles, while OLS regression
can only present a fixed coefficient and confidence interval. In general, the
coefficients of DCs on ATDs continuously increase from the lower 10th
quantile stations to the 10-25th, 25-50th, 50-75th, 75-90th and upper 90th
quantile stations. This indicates that the farther the station is located from
the city center, the greater the positive relationship between ATDs and
DCs. In other words, increasing one kilometer of DC results in more in-
crease in ATD for the outer suburb stations (high-quantile-ATDs stations)
than for the stations near the city center (low-quantile-ATDs stations). The
estimation results for weekdays and weekends also support this interesting
finding (see Figs. B. 6 and B. 7).

4.2. Do urban form and land use affect ATDs?

In the above subsection, we examined the relationship between
ATDs and DCs based on different types of flows within different time
spans. The results indicate a robust and positive relationship between
ATDs and DCs regardless of the types of flows and the time spans. In this
subsection, we will check the relationships between ATDs and DCs

when controlling for DSC, land use mix and number of POIs and explore
the effects of these variables on the ATDs.

In order to verify the possibly presence of multi-collinearity, we first
examined collinearity using variance inflation factors (VIF). The cal-
culated VIFs for the independent variables are: DC (6.59–8.71), DSC
(5.16–5.47), LUM (1.65–3.87), POI_B (1.24–1.49). Therefore, there is
no evidence of multi-collinearity since all VIFs are smaller than 10.
Tables 4–6 present the regression results for the 800 m, 2 km and 5 km
buffers, respectively.5 The goodness of fit statistics for all established
models, and the coefficients of determination (R2 or pseudo R2) are
higher than 0.61, which indicates the models have good explanatory
power. After adding variables DSC, LUM and POI_B to the models, the
DCs are still found to have significantly positive effects on ATDs for all
three buffers. Moreover, all coefficients of variable DCs in the OLS and
quantile regression models in Tables 4–6 are smaller than the corre-
sponding coefficients in Table 3. In other words, increasing one kilo-
meter of DC will result in a smaller increase in ATDwhen controlling for
DSC, LUM and POI_B. This indicates that adding variables DSC, LUM
and POI_B weakens the association between the DCs and ATDs.

With respect to the effects of land use mix, the variables have ex-
pected negative signs in all models regardless of the choice of the radius
of buffers, which indicates that increasing land use mix around the
metro station or in a larger area decreases the ATDs. The results of the
OLS model (800 m) show that the expectedly negative effect of land use
mix on ATD is statistically significant only for weekends-based models.
The quantile regression models (800 m) further show that the negative
relationship between ATDs in low quantiles (10th, 25th and 50th) and
LUM are more significant than in high quantiles (75th and 90th) and
LUM, which indicates that the effects of land use mix within 800-m
buffers on the low-ATDs stations are more significant than on the high-
quantile-ATDs stations. Compared to the results of 800 m based models,
both the coefficients of the OLS and the quantile regression models
demonstrate that LUM has more significant association with the ATDs in
the 2 km and 5-km based models, which means that increasing land use
mix at a large scale (i.e. 2 km, 5 km) seems more effective for reducing
the ATDs. In addition, it is found that the magnitude of the effects of
LUM measured at the 2 km and 5 km buffers are much higher than for
the 800-m buffer, also implying that the ATDs are affected by a wider
spatial range of land use mix. Furthermore, the results of the 5 km
buffer based models (Table 6) show that the effect of reducing ATDs by
increasing LUM of high-quantile-ATDs stations is more significant for
low-quantile-ATDs stations, which is opposite to the abovementioned
conclusion for the 800-m buffer based models. In other words, in-
creasing land use mix at a large scale has salient effects on reducing the
ATDs of outer suburb stations due to the fact that outer suburb stations
are usually the high-ATDs stations (see Fig. 3).

For the variable distance to the subsidiary center (DSC), it is found
that its effects on ATDs are ambiguous and insignificant for all three
buffers.6 This indicates that there is not a significant association be-
tween ATDs and distances to the subsidiary centers. A possible ex-
planation could be the fact that economic prosperity in these subsidiary
centers is much smaller than that in the city center. Moreover, some
subsidiary centers are not located at the current metro stations, causing

Fig. 4. Spatial clusters and outliers of ATDs for weekdays and weekends.

Table 3
Estimation results of quantile regression and OLS.

Day Type of
flows

Quantile regression OLS

10th
quant

25th
quant

50th
quant

75th
quant

90th
quant

Weekdays Out-
flows

0.419 0.522 0.589 0.632 0.660 0.569

In-flows 0.418 0.509 0.576 0.639 0.683 0.574
All-flows 0.404 0.522 0.589 0.642 0.672 0.572

Weekends Out-
flows

0.454 0.523 0.589 0.651 0.682 0.592

In-flows 0.411 0.515 0.584 0.649 0.707 0.592
All-flows 0.425 0.535 0.598 0.662 0.698 0.592

Note: all coefficients in the table are significant at the 0.01 level.

5 Here, we only provide the results and analyses for the passenger flows of a
whole day (weekdays and weekends) because of paper length limitations. The
analyses of passenger flows for different times of day is similar to the analyses
in this paper and the detailed regression results are available upon request.

6 The presence of omitted variable which affects both independent and de-
pendent variables is a main reason for endogeneity problem. The established
model afflicted by the endogeneity will lead to biased results and possibly
counter-intuitive conclusions (maybe the association between ATDs and DSCs
in the current paper). To clarify the issue of endogeneity, we conducted omitted
variable diagnosis (such as Link test, Ramsey test) and the results illustrated
that the models should not be worried with the endogeneity caused by possibly
omitted key variable.

Z. Gan, et al. Transport Policy 79 (2019) 137–154

143



these subsidiary centers to lack sufficient attraction to transit-depen-
dent passengers.

In terms of the employment/entertainment-residence balance
(POI_B), the results of the OLS and quantile regression models illustrate
that the relationship between ATDs and POI_B is not significant for the
800 m buffer (Table 4). However, the results of the OLS models, listed
in Tables 5 and 6, show that POI_B at the medium and large spatial scale
(2 respectively 5 km buffer) significantly and positively affect the ATDs.
The quantile regression models further investigate this relationship at
different quantiles and show that the positive relationships are not
significant at the 0.05 level. These results indicate that the

employment/entertainment-residence balance has a marginal effect on
the ATDs at the medium and large spatial scale. Decreasing the im-
balance between employment/entertainment and residence at a large
scale (i.e. 2 km, 5 km) may reduce ATDs.

5. Conclusions and planning implications

Despite research on the aggregate characteristics of mobility pat-
terns has increased in recent years, limited attention has been paid to
the analysis of mobility distance. Furthermore, most previous studies on
the potential associations between urban form, land use characteristics

Fig. 5. Changes in the quantile regression coefficients. 95% confidence intervals of coefficients are indicated by grey shaded areas. The red horizontal line represents
the coefficient estimated by OLS and the red dash line represent the corresponding confidence interval.

Table 4
Estimation results considering DSC, LUM and POI_B within the 800 m buffer.

Day Type of flows Quantile regression OLS

10th quant 25th quant 50th quant 75th quant 90th quant

Weekdays Out-flows DC 0.380∗∗ 0.503∗∗ 0.527∗∗ 0.534∗∗ 0.454∗∗ 0.558∗∗

DSC −0.054 0.031 0.020 0.092 0.206 −0.014
LUM1 −2.967∗ −1.643 −2.476∗ −1.782 −0.364 −2.401
POI_B1 0.165 −0.162 −0.000 0.021 0.081 −0.114

In-flows DC 0.423∗∗ 0.473∗∗ 0.555 0.528∗∗ 0.446∗∗ 0.560∗∗

DSC −0.011 0.046 0.020 0.118 0.265 0.002
LUM1 −2.060∗ −1.848∗ −2.345 −1.083 −0.616 −2.183
POI_B1 0.071 −0.148 0.043 0.121 0.714 −0.155

All-flows DC 0.366∗∗ 0.496∗∗ 0.550∗∗ 0.534∗∗ 0.449∗∗ 0.559∗∗

DSC −0.072 0.036 0.043 0.099 0.241 −0.006
LUM1 −1.946∗ −1.785 −2.620∗ −1.287 −0.372 −2.291
POI_B1 0.156 −0.151 0.038 0.202 0.789 −0.025

Weekends Out-flows DC 0.420∗∗ 0.507∗∗ 0.567∗∗ 0.533∗∗ 0.458∗∗ 0.562∗∗

DSC 0.018 0.011 0.011 0.091 0.212 −0.002
LUM1 −3.434∗ −2.493∗∗ −3.218∗ −2.26 −1.595 −2.702∗

POI_B1 0.063 −0.054 −0.002 0.151 0.733 −0.107
In-flows DC 0.381∗∗ 0.469∗∗ 0.547∗∗ 0.503∗∗ 0.503∗∗ 0.571∗∗

DSC 0.021 0.081 0.040 0.175 0.192 0.018
LUM1 −1.622 −2.643∗ −3.007 −1.474 −1.437 −2.66∗

POI_B1 0.097 −0.090 −0.022 0.219 0.570 −0.128
All-flows DC 0.391∗∗ 0.498∗∗ 0.561∗∗ 0.510∗∗ 0.499∗∗ 0.577∗∗

DSC 0.025 0.050 0.023 0.137 0.196 0.008
LUM1 −1.889 −2.299∗∗ −3.170∗ −2.183 −0.944 −2.681∗

POI_B1 0.141 −0.112 −0.039 0.119 0.667 −0.118

Note: ∗∗ Indicates significance at the 0.01 level. ∗ Indicates significance at the 0.05 level.
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and travel distances have been based on relatively small datasets such
as travel surveys and unofficial household surveys (e.g. Maat and
Timmermans, 2009; Anastasopoulos et al., 2012; Ding et al., 2017a, b).
Considering the rapid urban sprawl and growth of urban public transit,
especially in developing countries, it is of great value to examine urban
mobility from a travel distance perspective and investigate the asso-
ciation between travel distance and urban form & land use based on a
big dataset. To fill these gaps, this study makes an effort on exploring
this topic using Nanjing City, China as a case study. Two-week SCD
records are used to construct passenger flow matrices for a whole day

and a specific time span. Then, station-based average travel distances
(ATDs) considering out-flows, in-flows and all-flows were obtained
based on the passenger flow matrices and the OD distance matrix to
analyze travel distance rhythm. Exploratory spatial data analysis and
quantile regression models provide a detailed examination of the re-
lationship between ATDs and DCs. Lastly, based on land use and the
POIs data, the effects of distances to the subsidiary centers, land use
within different buffers and employment/entertainment-residence bal-
ance on the ATDs are investigated for a more in-depth analysis and
additional value-adding insights.

Table 5
Estimation results considering DSC, LUM and POI_B for the 2 km buffer.

Day Type of flows Quantile regression OLS

10th quant 25th quant 50th quant 75th quant 90th quant

Weekdays Out-flows DC 0.416∗∗ 0.493∗∗ 0.578∗∗ 0.552∗∗ 0.539∗∗ 0.532∗∗

DSC −0.178 0.011 −0.049 0.034 0.025 −0.030
LUM2 −3.956∗ −3.270∗ −4.228 −3.955 −7.506∗ −5.093∗∗

POI_B2 0.019 0.187 0.372∗ 0.485∗∗ 0.616∗ 0.328∗∗

In-flows DC 0.381∗∗ 0.476∗∗ 0.565∗∗ 0.527∗∗ 0.487∗∗ 0.532∗∗

DSC −0.050 0.012 −0.026 0.046 0.146 −0.012
LUM2 −3.634∗ −3.452∗ −4.571∗ −4.599∗ −5.313 −4.854∗∗

POI_B2 0.131 0.196 0.384∗ 0.491∗ 0.642∗ 0.350∗∗

All-flows DC 0.393∗∗ 0.488∗∗ 0.567∗∗ 0.525∗∗ 0.518∗∗ 0.532∗∗

DSC −0.101 0.010 −0.007 0.031 0.080 −0.021
LUM2 −4.025∗ −3.366∗ −4.778∗ −4.744∗ −6.479 −4.973∗∗

POI_B2 0.060 0.195 0.330 0.499∗∗ 0.629∗ 0.339∗∗

Weekends Out-flows DC 0.423∗∗ 0.465∗∗ 0.524∗∗ 0.537∗∗ 0.524∗∗ 0.540∗∗

DSC 0.071 0.020 −0.001 0.085 0.065 −0.019
LUM2 −4.400∗∗ −3.482∗ −4.697∗ −3.878 −7.994∗ −5.440∗∗

POI_B2 0.210 0.091 0.276 0.393∗ 0.551∗ 0.327∗

In-flows DC 0.385∗∗ 0.446∗∗ 0.510∗∗ 0.517∗∗ 0.539∗∗ 0.529∗∗

DSC 0.108 0.060 0.008 0.043 0.087 < 0.001
LUM2 −4.803∗∗ −3.525∗ −5.355∗∗ −5.829∗ −7.285 −5.595∗∗

POI_B2 0.306 0.149 0.349∗ 0.474 0.655 0.377∗∗

All-flows DC 0.395∗∗ 0.488∗∗ 0.518∗∗ 0.531∗∗ 0.516∗∗ 0.534∗∗

DSC 0.086 0.009 0.008 0.091 0.102 −0.010
LUM2 −4.802∗∗ −3.681∗ −5.161∗∗ −5.380 −7.219 −5.518∗∗

POI_B2 0.252 0.138 0.308 0.435 0.608 0.352∗∗

Note: ∗∗ Indicates significance at the 0.01 level. ∗ Indicates significance at the 0.05 level.

Table 6
Estimation results considering DSC, LUM and POI_B for the 5 km buffer.

Day Type of flows Quantile regression OLS

10th quant 25th quant 50th quant 75th quant 90th quant

Weekdays Out-flows DC 0.347∗∗ 0.433∗∗ 0.419∗∗ 0.402∗∗ 0.442∗∗ 0.369∗∗

DSC −0.117 −0.056 0.031 0.053 0.101 0.015
LUM3 −1.569 −4.186∗∗ −5.042∗∗ −6.698∗∗ −5.504∗ −5.744∗∗

POI_B3 0.348 0.195 0.189 0.126 1.021 0.276∗∗

In-flows DC 0.342∗∗ 0.399∗∗ 0.357∗∗ 0.381∗∗ 0.358∗∗ 0.368∗∗

DSC −0.018 −0.058 0.032 0.087 0.175 0.035
LUM3 −2.172 −4.555∗∗ −6.042∗∗ −6.210∗∗ −4.638∗ −5.515∗∗

POI_B3 0.334 0.188 0.169 0.136 1.231∗ 0.257∗

All-flows DC 0.337∗∗ 0.429∗∗ 0.385∗∗ 0.386∗∗ 0.381∗∗ 0.368∗∗

DSC −0.074 −0.064 0.021 0.063 0.138 0.025
LUM3 −4.040 −3.944∗ −5.376∗ −6.560∗∗ −5.060∗ −5.630∗∗

POI_B3 0.347 0.185 0.165 0.128 1.164∗ 0.267∗∗

Weekends Out-flows DC 0.363∗∗ 0.387∗∗ 0.372∗∗ 0.375∗∗ 0.339∗∗ 0.366∗∗

DSC 0.060 −0.041 0.016 0.053 0.178 0.028
LUM3 −4.935∗ −5.431∗∗ −7.855∗∗ −6.109∗ −8.002∗∗ −6.464∗∗

POI_B3 0.349 0.241 0.154 0.131 1.117∗ 0.261∗∗

In-flows DC 0.319∗∗ 0.329∗∗ 0.327∗∗ 0.374∗∗ 0.286∗∗ 0.345∗∗

DSC 0.045 0.009 −0.034 0.058 0.224 0.051
LUM3 −5.900∗ −5.920∗∗ −8.397∗∗ −6.660∗∗ −7.831∗∗ −6.657∗∗

POI_B3 0.389 0.315 0.154 0.131 0.992 0.292∗∗

All-flows DC 0.340∗∗ 0.362∗ 0.352∗∗ 0.384∗∗ 0.292∗∗ 0.356∗∗

DSC 0.067 −0.021 −0.028 0.058 0.199 0.040
LUM3 −5.202∗ −5.927∗∗ −7.779∗∗ −6.174∗∗ −8.183∗∗ −6.560∗∗

POI_B3 0.369 0.285 0.141 0.134 1.042 0.277∗∗
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Four key findings of the analyses can be summarized. First, ATDs are not
uniformly or randomly spatially-distributed, but rather evidence of positive
spatial autocorrelation is found. The results of Anselin local Moran I diag-
nosis test show that significant spatial clusters and cold spots are mainly
found around the city center while hot spots are located in the remote areas.
This indicates that the mean travel distance of individuals from different
areas of the city are not homogeneous. Second, ATDs and DCs are sig-
nificantly and positively related, which suggests a pattern of concentric
rings from the central urban area to the outskirts of the city. This pattern is
observed for the different time periods. Third, there is a negative association
between ATDs and land use mix, and increasing land use mix at a relatively
large spatial scale (i.e. 2 km, 5 km) rather than at a small scale (i.e. 800 m)
seems effective for reducing the ATDs. Fourth, there is no significant re-
lationship between ATDs and distances to the subsidiary centers for Nanjing
City regardless of the area scale, while the employment/entertainment-re-
sidence balance has a marginal effect on the ATDs at medium and large
scales. Decreasing the imbalance between employment/entertainment and
residence reduces the ATDs.

The results of the analyses suggest several policy imlications. First,
one major reason for the positive relationship between the ATDs and
DCs is that the rapid urban growth has led to a residential boom in the
outer urban areas while most jobs, shops, and recreational facilities are
still concentrated in the city center and core districts (e.g., Ding et al.,
2017b; Engelfriet and Koomen, 2018). This has become a common
problem in the processes of urban development in Chinese cities.
Moreover, good accessibility enlarged the spatial reach of people's ac-
tivities and therefore people are very likely to travel longer to find jobs,
go shopping, etc. if they live in an area with high accessibility (Ding
et al., 2017a). People living near a metro station are more likely to
travel farther to seek jobs or entertainments if there is not sufficient
supply for work and entertainment. Thus, providing urban facilities in
the development of new residential communities near metro stations in
outer areas should be an effective policy for reducing travel distance.
Some job opportunities, shopping centers, educational facilities and
other recreational facilities should be encouraged to move to the new
towns and sub-centers to meet local demand. Such policies may reduce
some unnecessary trips and long-distance travels, which is expected to
be beneficial for the sustainable development of cities.

Second, the negative relationship between ATDs and LUM supports
the importance of land use mix in decreasing daily travel distances,
which is in line with previous studies (e.g., Cervero and Kockelman,
1997; Ewing and Cervero, 2010; Ding et al., 2017a, b). Increasing land
use diversity in the surrounding areas (especially at the larger spatial
scale) of metro stations may help reduce ATDs. One possible reason is
that higher land use mix makes the area become more polyfunctional. A
high degree of mix of attractive administrative, business/commercial,
industrial, residential and other facilities in a compact urban environ-
ment can provide more “work” opportunities and “leisure” services, and
attract local people to accomplish their daily activities within a small
area, which therefore to some extent contributes to reducing the ATDs.
Since land use mix plays a significant role, policy makers and urban
planners should pay more attention to enhancing land use mix in re-
planning cities.

Third, the results show that the association between ATDs and DSC is
ambiguous. It implies that despite new towns and subsidiary centers have
been advocated and planned in Nanjing City, travel distance patterns de-
monstrate that daily travel distance still strongly depends on the city
center. It suggests that the power of these subsidiary centers is not suffi-
cient to compete sufficiently with the city center. The examination of the
relationship between ATDs and DSC helps understanding whether the case
city is a monocentric-city or a polycentric-city, which is useful for urban
planners to cognize city structure and morphology. Planning should be
directed at further enhancing the power of these sub-centers and create a
polycentric-city with a clear structure and morphology.

Fourth, the relationship between ATDs and POI_B indicates that
decreasing the imbalance between employment/entertainment and

residence at the larger scale may help reducing average travel distance.
Also, the POIs-based employment/entertainment-residence balances in
the buffers of outer suburb metro stations are normally worse than that
of metro stations in core districts and the coefficients of POI_B in high
quantile models are larger than those in low quantile models. It in-
dicates that urban planners and policymakers should pay more atten-
tion to the balance between employment/entertainment and residence
sites in the surrounding areas of suburban stations.

Finally, the results in the present study show that a spatial range for
buffer calculating the variables LUM and POI_B of 2 km or 5 km is better
than using 800 m buffer when exploring the potential effects of land use
mix and employment/entertainment-residence balance on ATDs.7 It
indicates that land use mix and employment/entertainment-residence
balance at a relatively large spatial scale affect people's daily travel
distances more than that at a small spatial scale. Therefore, we re-
commend that enhancing land use mix and reducing the imbalance
between employment/entertainment and residence should be con-
sidered in a relatively large spatial scale.

6. Future study remark

As indicated, this study is a first analysis of station based travel dis-
tance using smart card data, and can be considered as a preliminary work
providing directions toward analysis of travel distance. Several aspects can
be extended based on this study. First, even though smart card data lacks
specific social demographic information, several aspects of human mobi-
lity such as travel regularity (e.g. regular commuters), work and home
locations, travel purposes can be inferred from smart card data in com-
bination with external data sources (e.g. Long and Thill, 2015; Wang et al.,
2017). It is also valuable to explore the trip rhythm for different travel
purposes or extracted travel patterns, since activity-travel patterns are
linked to land use and POI data. Second, only one traffic mode, metro, is
studied in the paper because of the difficulty of data collection. The
analysis can be applied to other transport modes such as bus and tram.

Third, the results of this study show passenger flows of remote
metro stations may have longer average travel distances than that of the
metro stations close to the city center. It indicates that people's daily
travel strongly depend on the city center. However, this results are
influenced by the structure of Nanjing City, in which the magnitude and
power of the subsidiary centers is much smaller than the city center. It
would be highly interesting therefore to investigate whether the ATDs
would reduce and the pattern of concentric rings would disappear if the
analysis would be applied to cities with an actual polycentric structure
(such as Wuhan City, Tianjin City, Minneapolis–Saint Paul). A com-
parative study conducted in both monocentric-city and polycentric-city
might give more evidences.

Fourth, the present paper potentially is only based on distance. It
would be interesting to examine which pattern emerge if the analysis
would be applied to travel cost (time and money). Gradient pricing is
widely applied in Chinese and other countries’ metro systems. Taking the
Nanjing metro system as an example, the starting price is 2 yuan within
10 km and the price increases with different scales with increasing travel

7 Following the recommendation of an anonymous reviewer, we also esti-
mated quantile regression models based on 3 km and 4 km buffers (detailed
regression results upon request) and compared the results with the reported
results. We found that the 3 and 4 km models also outperformed the models
based on the 800 m buffer but were similar to the 2 and 5 km models. In other
words, it is clear that the models based on medium and large spatial scales are
better than the models based on the 800 m buffer, but the performance of the 2,
3, 4, and 5 km models is similar. A possible explanation is that the travel dis-
tance between 2 km (walking zone) and 5 km (bicycling zone) is usually sui-
table for bicycling (i.e. bicycle, e-bicycle). Compared to 800 m, an area with a
radius from 2 km up to 5 km is big enough to create self-sustaining urban areas.
Thus, within such an area people can accomplish their daily activities in the
same region rather than having to go to more distant places.
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distances. The fare per unit distance decreases progressively with in-
creasing travel distance. It indicates that passengers with a long travel
distance will be given more benefit than short-distance travelers. Then,
with the travel distance patterns, price matrices of OD pairs and some
other socio-economic indicators (accessibility, housing price, local salary,
etc.), we can in-depth figure out transport inequity in different areas of a
city such as urban and suburban which will be helpful for reducing re-
gional differences and improving spatial equity.
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Appendix A

Table A. 1
Global Moran I tests for spatial autocorrelation of ATDs for weekdays.

Time of day Type of flows Moran I Expected I z-score p-value

7:00–9:00 Out-flows 0.647 −0.009 16.278 0.000
In-flows 0.408 −0.009 10.749 0.000
All-flows 0.550 −0.009 14.044 0.000

11:00–13:00 Out-flows 0.582 −0.009 14.782 0.000
In-flows 0.566 −0.009 14.364 0.000
All-flows 0.575 −0.009 14.614 0.000

17:00–19:00 Out-flows 0.457 −0.009 11.787 0.000
In-flows 0.613 −0.009 15.503 0.000
All-flows 0.555 −0.009 14.125 0.000

21:00–23:00 Out-flows 0.350 −0.009 9.303 0.000
In-flows 0.686 −0.009 17.292 0.000
All-flows 0.545 −0.009 13.998 0.000

Table A. 2
Global Moran I tests for spatial autocorrelation of ATDs for weekends

Time of day Type of flows Moran I Expected I z-score p-value

7:00–9:00 Out-flows 0.583 −0.009 14.776 0.000
In-flows 0.410 −0.009 10.726 0.000
All-flows 0.513 −0.009 13.165 0.000

11:00–13:00 Out-flows 0.578 −0.009 14.656 0.000
In-flows 0.526 −0.009 13.447 0.000
All-flows 0.555 −0.009 14.136 0.000

17:00–19:00 Out-flows 0.475 −0.009 12.215 0.000
In-flows 0.591 −0.009 15.013 0.000
All-flows 0.540 −0.009 13.794 0.000

21:00–23:00 Out-flows 0.404 −0.009 10.448 0.000
In-flows 0.679 −0.009 17.154 0.000
All-flows 0.565 −0.009 14.416 0.000

Table A. 3
Estimation results of quantile regression ( ) and OLS (weekdays).

Time of day Type of flows Quantile regression OLS

10th quant 25th quant 50th quant 75th quant 90th quant

7:00–9:00 Out-flows 0.509 0.612 0.631 0.676 0.730 0.606
In-flows 0.246 0.362 0.443 0.554 0.596 0.485
All-flows 0.485 0.487 0.592 0.609 0.632 0.546

11:00–13:00 Out-flows 0.531 0.575 0.641 0.681 0.682 0.616
In-flows 0.531 0.587 0.604 0.664 0.642 0.606
All-flows 0.532 0.581 0.604 0.685 0.661 0.611

17:00–19:00 Out-flows 0.312 0.393 0.464 0.557 0.589 0.482
In-flows 0.583 0.609 0.655 0.701 0.776 0.640
All-flows 0.347 0.536 0.579 0.612 0.641 0.561

21:00–23:00 Out-flows 0.200 0.236 0.307 0.452 0.545 0.375
In-flows 0.334 0.423 0.489 0.516 0.737 0.444
All-flows 0.245 0.367 0.428 0.470 0.550 0.409

Note: all coefficients in the table are significant at the 0.01 level.
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Table A. 4
Estimation results of quantile regression ( ) and OLS (weekends).

Time of day Type of flows Quantile regression OLS

10th quant 25th quant 50th quant 75th quant 90th quant

7:00–9:00 Out-flows 0.483 0.615 0.648 0.655 0.634 0.591
In-flows 0.318 0.390 0.433 0.562 0.687 0.520
All-flows 0.354 0.495 0.537 0.614 0.687 0.556

11:00–13:00 Out-flows 0.519 0.539 0.602 0.673 0.677 0.591
In-flows 0.384 0.488 0.555 0.657 0.661 0.572
All-flows 0.454 0.506 0.596 0.667 0.645 0.581

17:00–19:00 Out-flows 0.388 0.419 0.526 0.610 0.658 0.566
In-flows 0.472 0.616 0.654 0.694 0.768 0.626
All-flows 0.377 0.533 0.576 0.658 0.686 0.601

21:00–23:00 Out-flows 0.271 0.336 0.378 0.484 0.552 0.448
In-flows 0.337 0.436 0.499 0.589 0.753 0.461
All-flows 0.303 0.404 0.458 0.512 0.668 0.455

Note: all coefficients in the table are significant at the 0.01 level.

Appendix B

Fig. B. 1. Land use in Nanjing City in 2015.
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Fig. B. 2. Spatial distribution of ATDs for weekdays.
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Fig. B. 3. Spatial distribution of ATDs for weekends.
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Fig. B. 4. Spatial clusters and outliers of ATDs for weekdays.
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Fig. B. 5. Spatial clusters and outliers of ATDs for weekends.
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Fig. B. 6. Changes in the quantile regression coefficients for weekdays. 95% confidence intervals of coefficients are indicated by grey shaded areas. The red
horizontal line represents the coefficient estimated by OLS and the red dash line represent its confidence interval.

Fig. B. 7. Changes in the quantile regression coefficients for weekends. 95% confidence intervals of coefficients are indicated by grey shaded areas. The red
horizontal line represents the coefficient estimated by OLS and the red dash line represent its confidence interval.
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