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Abstract: This study aims to explore the role of spatial heterogeneity in ridership analysis and examine the relationship between built
environment, station attributes and urban rapid transit ridership at the station level. Although spatial heterogeneity has been widely ac-
knowledged in spatial data analysis, it has been rarely considered in travel behavior studies. Four models (three global models-ordinary
least squares (OLS), spatial lag model (SLM), spatial error model (SEM) and one local model-geographically weighted regression
(GWR) model) are estimated separately to explore the relationship between various independent variables and station ridership, and
identify the influence of spatial heterogeneity. Using the data of built environment and station characteristics, the results of diagnostic
identify evidence the existence of spatial heterogeneity in station ridership for the metro network in Nanjing, China. Results of compar-
ing the various goodness-of-fit indicators show that, the GWR model yields the best fit of the data, performance followed by the SEM,
SLM and OLS model. The results also demonstrate that population, number of lines, number of feeder buses, number of exits, road den-
sity and proportion residential area have a significant impact on station ridership. Moreover, the study pays special attention to the spa-
tial variation in the coefficients of the independent variables and their statistical significance. It underlines the importance of taking spa-
tial heterogeneity into account in the station ridership analysis and the decision-making in urban planning.
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1 Introduction

Urban rapid transit systems have expanded worldwide,
and are regarded as an effective and sustainable option
to solve traffic congestion and cut down transport en-
ergy consumption. The historical experience of urban
transportation development processes in western coun-
tries showed that car-based transportation structures
have resulted in urban sprawl, land waste and air pollu-
tion. ‘New Urbanism’ including the Smart Growth and
Neighborhood Conservation

initiatives have been

launched and diffused rapidly from developed countries
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to developing countries. Transit Oriented Development
(TOD) caters to this development ideology and has be-
come popular in urban design practice (Cervero et al.,
2002). Squeezed by high congestion and technology
costs, it is necessary for emerging markets, especially in
some fast-growing developing countries to prioritize
public transit (PT) over automobiles. For example, in
recent years, the Chinese government has emphasized
the ‘bus priority’ policy and built many urban rapid
transit systems, including metro, light-rail and bus, in
many major cities. Currently, 34 Chinese cities have
their own urban rail transit system by the end of 2017.
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To justify the investments and subsidies, it is of para-
mount importance to increase the use of the PT system,
which may imply planning a new transit route or station
(Zhang and Wang, 2014; Kepaptsoglou et al., 2017). To
make informed decisions in that context, it is important to
understand the influence of the built environment and sta-
tion attributes on transit ridership. Many transit demand
forecasting models have been used to explore the relation-
ship between these independent variables and station rid-
ership. The traditional approach that is widely used in prac-
tice is the trip-based four-step model (McNally, 2007).
However, this model has many deficiencies and does not
adequately consider the built environment because its
forecasts are based on relatively large traffic zones (Car-
dozo et al., 2012; Zhao et al., 2014; Kepaptsoglou et al.,
2017). Another widely used approach is the activity-based
models ((Rasouli and Timmermans, 2014). However, a
large number of personal trip surveys demand a lot of
manpower and financial resources.

Nowadays, direct demand models based on OLS re-
gression are generally adopted to evaluate the relation-
ship between built environment and ridership (Kuby et
al., 2004; Ryan and Frank, 2009; Loo et al., 2010; Sung
and Oh, 2011; Chan and Miranda-Moreno, 2013; Zhao
et al., 2014; Durning and Townsend, 2015). Although
rapid transit ridership involves count data, the preferable
negative binomial regression and Poisson regression
have been rarely used for station-level ridership analysis
(Choi et al., 2012). The main reason is that count data
models are perceived not to have any advantages for
ridership analysis (Choi et al., 2012; Dill et al., 2013;
Kim et al., 2016). Another violation of the assumptions
underlying OLS regression analysis is that there is no
correlation between the independent variables and the
disturbance items. However, correlation always exists in
reality and will cause simultaneity bias (also called en-
dogeneity bias). Some studies attempted to apply two
stage least squares (2SLS) to explore the relationship
between independent variables and ridership (Estupifian
and Rodriguez, 2008). This approach divides endogenous
variables into two parts: one part is linked to disturbance
items and the other part has no relationship with the dis-
turbance items. By looking for suitable ‘instrumental
variable(s)’, 2SLS can obtain the consistent estimator.

Using the traditional regression models, population or
population density have been found to have a significant
positive effect on ridership (Kuby et al., 2004; Sung and

Oh, 2011; Chan and Miranda-Moreno, 2013; Zhao et al.,
2014; Jun et al., 2015). Land use mix was also tested for
its effect on rapid transit ridership. However, reported
effects are mixed (Sung and Oh, 2011; Durning and
Townsend, 2015; Jun et al., 2015). Some previous stud-
ies showed that the arcas of residential, commercial,
business and other types of land use are considered to
contribute to ridership (Sung and Oh, 2011; Durning and
Townsend, 2015), but the correlation seems weak (Chan
and Miranda-Moreno, 2013; Zhao et al., 2014). Estupi-
fian and Rodriguez (2008) interpreted road density as a
connectivity factor in the BRT ridership analysis in Bo-
gotad and concluded the relationship was positive but not
significant. Similar studies conducted by Zhao et al.
(2013; 2014) found that road density was positively and
significantly related to metro station ridership in Nan-
jing, China. Many studies have examined the relation-
ship between the number of metro lines, number of
feeder buses and rapid transit ridership, and found that
both factors were associated with increased ridership
(Kuby et al., 2004; Zhao et al., 2013; 2014; Durning and
Townsend, 2015).

However, one drawback of the direct forecasting
models based on traditional regression models is that by
assuming the relations between variables in the model
are homogeneous, they ignore local properties (Paez,
2006). According to the First Law of Geography: ‘Eve-
rything is related to everything else, but near things are
more related than distant things’, the spatial data are not
static and usually show spatial autocorrelation (Tobler,
1970). Thereto, despite many studies analyzed the rela-
tionship between various independent variables and rid-
ership at the station level, spatial effects were rarely
considered. Spatial effects, including spatial dependence
and spatial heterogeneity, result in the uneven distribu-
tion of many ridership-related factors across space. Rid-
ership analysis using the OLS model may lead to biased
forecasts because the spatial effects can play a very im-
portant role in the final results (Pavlyuk, 2016). Using
geographically weighted regression (GWR) can enhance
the explanatory power of the approach (Cardozo et al.,
2012; Blainey and Preston, 2013).

Overall, in previous studies, direct ridership models
have been widely used because of its relatively low cost
and quick response (Jun et al., 2015), but spatial het-
erogeneity was often ignored. Hereinto, we proposed a
framework to understand the influences of built envi-



GAN Zuoxian et al. Analysis of Metro Station Ridership Considering Spatial Heterogeneity

1067

ronment factors and station attributes on urban transit
ridership considering spatial heterogeneity. Based on
one-month’s smart card data records from Nanjing
metro system. Three local models ordinary least squares,
spatial lag model and spatial error model, and one local
model geographically weighted regression model were
utilized in the present paper. The latter three spa-
tial-econometrics-models permit the explicit inclusion
of urban rail transit station heterogeneity into model
specifications. Moreover, we explored the variation of
each significant variable across space based on local
analysis to provide great explanatory power. The sys-
tematic analyses of urban rail transit ridership presented
in this study is expected to help better understanding the

relationships between built environment, station attrib-
utes and station ridership. The outcomes of the paper
provide the basis for urban and transportation planning
with an objective to promote transit ridership and sus-
tainable urban development.

2 Data and Methods

2.1 Data

Nanjing, the capital city of Jiangsu Province, is located
in the eastern China. It consists of 11 districts (Fig. 1),
covering an area of 6587 km”® with a total population of
8.27 million people in 2016. Nanjing is one of the cities
in China where the metro is widely used after the opening
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Fig. 1 Location of case study area (Jiangsu Province, Nanjing City, and Nanjing metro network in 2015)
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of the first metro line in September 2005. To cope with
the growing urban sprawl and huge travel demand, the
local government started planning the urban rail transit
network in 2002. Fig. 1 shows the Nanjing metro system
in April 2015. It covered 6 lines and 112 stations, which
makes it the fifth largest rail transit system in China (not
including Hong Kong, Macao, Taiwan) (the top four
cities are Shanghai, Beijing, Guangzhou and Shenzhen).
The metro system carries 717 million passengers annu-
ally and its share in 2015 was about 34.8% of the pas-
senger volume of public transport (Zhao et al., 2013;
Gan et al., 2018).

The primary dataset contained metro ridership data
covering all Nanjing metro stations in April 2015 from
Nanjing Metro Corporation (NMC). It consisted of a full
month of usage information and the total number of trip
records was more than 43 million. The land use CAD
DWG file of the Nanjing region from the Nanjing Urban
Planning Bureau (NUPB) was used to generate the
characteristics of the built environment. Furthermore,
we downloaded the Nanjing road network from Open
Street Map (OSM) to calculate road density. All vari-
ables were gathered and generated using ArcGIS Ver-
sion 10.3. Thus, the following ten candidate variables
were used:

Station ridership refers to the total number of pas-
sengers at each metro station in a month (April 2015).
Moreover, boardings and alightings were examined. The
two numbers are nearly the same (Fig. 2), indicating that
the number of boardings at each station is highly con-
sistent with the number of alightings. One possible rea-
son for this is that people who go to a destination return
by metro to the origin. Based on this finding (We also
examined the daily boardings and alightings of each
stations and found that there was not significant differ-
ence between them), the dependent variable used the
boarding data only, instead of both boarding and alight-
ing data.

Population (person/km’): The total population per
squared kilometer within a station’s catchment area, de-
fined by the 800 m buffer, based on Thiessen polygons.

Number of lines: Number of metro lines at each sta-
tion.

Number of feeder buses.

Number of exists: The total number of exits for each
station, based on field observations.

Road density (km/km?): Road density within the sta-

tion catchment area.

S _Sdistance (m): Distance to the nearest metro sta-
tion, calculated by metro distance rather than linear dis-
tance.

Distance center (m): Distance to the city center, cal-
culated as metro distance.

Business area (%): Percentage of business/commercial
land use within the station catchment area.

Residential area (%): Percentage of residential land
use within the station catchment area.

Industrial/manufacturing area (%): Percentage of in-
dustrial/manufacturing land use within the station
catchment area.

The descriptive statistics of the selected variables are
presented in Table 1.

2.2 Catchment area

First of all, a critical operational decision underlying
station ridership analysis is how to define the catchment
area. This decision influences catchment area variables,
such as population, road density, number of feeder
buses, and land use mix. The catchment areas used in
previous studies are normally determined using an em-
pirically value, ranging from 300 m to 900 m. Re-
searchers usually accept that a 800 m (or half a mile)
Euclidean distance or network distance that people are
willing to walk to a station (Kuby et al., 2004; Cardozo
et al., 2012; Guerra et al., 2012; Zhao et al., 2014). Zhao
used a radius of 800 m as the catchment area in his
study about Nanjing metro stations and obtained good
results (Zhao et al., 2013; 2014). Moreover, the Ministry
of Housing and Urban-Rural Development of People’s
Republic of China (MOHURD) launched a design
guidance of urban rail in November, 2015: ‘Guidelines
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Fig. 2 Comparison between boardings and alightings of all
Nanjing metro stations in April 2015
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Table 1 Summary statistics for candidate explanatory variables

Variable Mean Median SD Min. Max.
Station ridership 386307 231638 478855 10996 3599863
Population (person/km?) 10214 7144 9511 574 46668
Number of lines 1.07 1 0.29 1 3
Number of feeder buses 9.74 8 7.16 0 44
Number of exits 3.28 3 2.29 1 22
Road density (km/km?) 9.12 8.97 2.81 231 16.87
S_Sdistance (m) 1530 1270 930 745 5182
Distance center (m) 16172 14377 12470 0 60379
Business area (%) 9 7 9 0 62
Residential area (%) 28 29 18 0 66
Industrial/manufacturing area (%) 10 4 12 0 54

for Planning and Design of Urban Rail’, where a radius
of 800 m was defined to determine the influence area of
rail stations (Ministry of Housing and Urban-Rural De-
velopment, 2012). Thus, a fixed boundary buffer of 800
m (based on the longitude and latitude of central point
of each station) was used as the catchment areas in this
study. In order to split the overlapping parts of adjacent
station buffers, Thiessen polygons were constructed us-
ing ArcGIS (Version 10.3).

2.3 Regression models

A regression model based on stepwise OLS was first
applied to explore the link between independent vari-
ables and rapid transit ridership. The stepwise OLS
model will help identifying the significant independent
variables. The linear OLS regression model can be ex-
pressed as:

y=Xp+e (1)

where y is an n x 1 vector of ridership for » rapid transit
stations, X is an n X k vector of ridership for »n rapid
transit stations and k explanatory variables, fis a k£ x 1
vector of unknown coefficients for & explanatory vari-
ables, ¢ is an n x1 vector of disturbance items of » rapid
transit stations.

The classical OLS model has the following require-
ments: one is the strict exogenous hypothesis E(g;]X)=0;
the other 1is the spherical disturbance term
Var(s,-|X):azln, which means that the random disturbance
items should be identically and independently distrib-
uted. However, for spatial data, the observed values of a
variable at adjacent places tend to be autocorrelated.
Some diagnostic test of spatial autocorrelation such as

Moran’s statistic, Lagrange multiplier or Robust La-
grange multiplier can be used before any spatial model
is recommended to analyze spatial heterogeneity. Be-
cause spatial dependence can be demonstrated by spatial
lag or spatial error, two global spatial models (Spatial
Lag Model, SLM and Spatial Error Model, SEM) will
be utilized in this study. SLM, also referred to as SAR
(Spatial Autoregression) can be presented as:

y=AWy+¢ 2)

where W is the set of spatial weighting (w;) between
stations i and j, 4 is an unknown coefficient, also called
spatial autoregressive parameter and used to measure
the effect of spatial lag (#») on y.

More generally, if explanatory variables are added to
the basic SEM, the Equation can be expressed as:

y=AWy+Xpf+¢ 3)

In SLM, if A=0, the equation transforms into a classi-
cal regression model (Equation (1))

The spatial dependence (disturbance items &) can be
defined as follows:

e=pWe+u 4)

where p is an unknown coefficient and used to describe
spatial heterogeneity, and u~N(0, ¢°1,). Equations (1)
and (4) together formed SEM. If p=0, SEM would be
transformed into a classical regression model (Equation
(1)

OLS, SLM and SEM mentioned above are all global
regression models, and they are based on the assumption
of a global nature of the production function (Pavlyuk,
2016). They yield global coefficients for each inde-
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pendent variable, whereas GWR is a local model that
presents local coefficients for each independent variable.
The GWR can be stated as (Fotheringham et al., 2003):

y=Xp@)+e )

where f(i) is an n x k vector of coefficients for n rapid
transit stations and k explanatory variables, presenting
the local production function for each station. The main
advantage of GWR model is that not only the coeffi-
cients are estimated separately in GWR but also the
model provides specific diagnostics for every sample,
such as goodness-of-fit measures (Rz) and t-values.
Thus, the GWR model is very helpful to observe how
the relationships between independent variables and
rapid transit ridership vary across space, which enables
better understanding of the specific causes in every sta-
tion or in different parts of a region (Fotheringham et
al., 2003; Lloyd and Shuttleworth, 2005).

In addition, to check the multi-collinearity among ex-
planatory variables, the variance inflation factor (VIF) is
used in this study. The global R’, adjusted-R* and
Akaike Information Criterion (AIC) are used to com-
prise the goodness-of-fit of different models (OLS,
SLM, SEM, GWR).

3 Results

The estimation results of the stepwise OLS regression
analysis are presented in Table 2. Among the ten candi-
date explanatory variables, six were found significant:
population, number of lines, number of feeder buses,
number of exits, road density and residential area. These
significant variables were thus kept in the final model.

Table 2 Summarized results of the stepwise OLS model

Variables Coef. SE V4 P-value VIF
Intercept —572614 1242929 —4.61 0.000 —
Population 18.7002  3.3855 5.52 0.000 2.09
Number of lines ~ 245012.3  103918.6  2.36 0.020 1.85
g;?:er offeeder | 5656 3614959 292 0004 135
Number of exits 941764  13897.67  6.78 0.000 2.05
Road density 20521.1  10330.76  1.99 0.050 1.70
Residential area  —334297.1 146448.5 —2.99 0.024 1.35
R 0.7731

Adjusted R 0.7602

AIC 3094.42

Note that the overall impact of built environment vari-
ables is relatively small. As expected, ridership is
closely related to population and corresponding vari-
ables. The explained variance of the model with 6 sig-
nificant independent variables is 0.7731, while the ad-
justed-R* is 0.7602. All independent variables are sig-
nificant at the 0.05 level, and the values of VIF are less
than 10, which means there is no significant multi-
collinearity (Mason et al., 1989).

Spatial effects were tested using Moran’s statistic, the
Lagrange multiplier and the Robust Lagrange multiplier
in GeoDa. Table 3 shows the results. For the spatial er-
ror test, the Moran’s [ statistic is 1.980 and the P-value
is 0.047, which indicates that SEM would be appropriate
for considering spatial error. The statistic and P-value of
Lagrange multiplier are 2.140 and 0.143, and the corre-
sponding values for the Robust Lagrange multiplier are
5.139 and 0.023. The latter tends to be more accurate in
model selection (Anselin et al, 1996; Macdonald-Wallis
et al., 2011). For the spatial lag test, both the p-value of
the Lagrange multiplier and Robust Lagrange multiplier
are higher than 0.05, suggesting that SEM should be
considered due to spatial autocorrelation.

Table 4 presents the estimation results for both SLM
and SEM. According to the P-value of the spatial auto-
regressive parameter rho of SLM and the spatial autore-
gressive parameter of the error lambda of SEM, only the
former is significant at the 0.05 level, indicating that
spatial effect exists mostly in the disturbance terms. The
values of R* and the AIC test suggest there are barely
any improvements after using SLM (R*=0.7741, AIC=
3096.03) instead of OLS (R*=0.7731, AIC= 3094.42),
whereas SEM (R*=0.7820, AIC= 3091.48) may be more
appropriate.

After OLS, SLM and SEM were used in the study

Table 3 Diagnostic tests for spatial effects in OLS regression

Test Value MI/DF P-value

Spatial error Moran’s / 1.980 0.081 0.047

Lagrange multiplier 2.140 1 0.143

Robust Lagrange 5.139 1 0.023
multiplier

Spatial lag ~ Lagrange multiplier 0.198 1 0.656
R L

obust Lagrange 3.198 1 0.073

multiplier
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Table 4 Estimation results of SLM and SEM

SLM SEM
Variables
Coef. V4 P-value Coef. Z P-value

Intercept —564448 —4.69 0.000 -613006 —4.96 0.000
Population 19.9539 5.39 0.000 18.5853 5.22 0.000
Number of lines 244814 2.44 0.015 236913 2.41 0.016
Number of feeder buses 11426.8 3.08 0.002 10507.3 2.95 0.003
Number of exits 93369.6 6.95 0.000 97444.9 7.35 0.000
Road density 20860.9 2.08 0.038 24369.3 2.39 0.016
Residential area 336935 -2.38 0.017 301792 -2.10 0.035
rho (lambda) —0.074 —0.680 0.496 0.2872 2.06 0.039
R 0.7741 0.7820

AIC 3096.03 3091.48

based on a global perspective, the GWR model was used
to provide the coefficients and test values of each station
from a local perspective. The local statistics can report
more details and differences between stations and iden-
tify non-regularity across space (Cardozo et al., 2012;
Pavlyuk, 2016). Table 5 details the estimation results of
the GWR model relative to OLS, SLM and SEM results.
The R* and adjusted R* are 0.8418 and 0.8001, indicat-
ing the GWR model improved the goodness-of-fit by
four percent compared to the OLS model. The AIC,
sigma-square and Residual sum of squares of GWR
model were all the lowest among the four models, which
suggests that the GWR model is the model with the best
performance.

The spatial distribution of the residuals from OLS,
SLM, SEM and GWR models are presented in Fig. 3.

Table 5 Estimation results and diagnostic statistics of the models

The difference between the residuals in the OLS and
SLM models is not obvious, whereas those of the SEM
model are smaller. Fig. 3 also shows that the residuals of
the GWR model are the smallest among all four models.
Both the diagnostic test in Table 5 and spatial distribu-
tion of residuals in Fig. 3 show that the local model-
GWR has the best model fit, followed by the global
models-SEM, SLM and OLS.

With the GWR model, it is possible to analyze the
spatial variability of estimated coefficients of each ex-
planatory variable. Fig. 4 presents the spatial distribu-
tion of the estimated coefficients and ¢-values. The
population is significant almost over the whole area. The
mean of the population coefficient is 17.5808, which
suggests that ridership would increase by 17.5808 for
one more person per square kilometer within the metro

GWR
Variables OLS SLM SEM
Mean Min. Max.

(Intercept) —572614 —564448 —613006 —650046 —891213 —322134
Population 18.7002 19.9539 18.5853 17.5808 7.7731 24.8272
Number of lines 245012 244814 236913 191826 —133729 408285
Number of feeder buses 10565.6 11426.8 10507.3 9883.9 —2640.9 19900.7
Number of exits 94176.4 93369.6 97444.9 106197.7 58947.46 136729.3
Road density 20521.1 20860.9 24369.3 28608.6 6440.4 42091.8
Residential area —334297.1 —336935 —301792 —290156.2 —598940.3 273818.6
R 0.7731 0.7741 0.7820 0.8418
Adjusted R 0.7602 - - 0.8001
AIC 3094.42 3096.03 3091.48 3089.566
Sigma-square 5.499¢+10 5.133e+10 4.953e+10 4.583e+10
Residual sum of squares 5.774e+12 5.749e+12 5.547e+12 4.026e+12
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station catchment area. However, the coefficients were
higher (more trips per person) in the northern, western
and southern parts than in the central and eastern parts
of Nanjing. The number of metro lines was found most
significant in the central and southern parts, while the
Number of feeder buses in the catchment area is most
significant in the north-central and western parts. The
central part is the city center of the Nanjing region with
Nanjing Railway Station located in the north-central
part, and the northern and western parts are separated

from the main city by the Yangtze River, where the trip
demand is higher than that in other parts of Nanjing.
Fig.4 also shows that the number of exits is significant
at a 0.05 level (the absolute value of #-value >1.96) all
over the metro catchment areas. Road density had a
positive relationship with ridership (Table 5). The rela-
tionship is significant in the center, western and south-
ern parts, while it is not significant in the northern and
eastern parts which indicates the spatial variation of
Road density in these areas should be interpreted

Population
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E311.24-15.96
CJ15.97-19.16
[E19.17-21.78
217924 %
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Fig. 4 Spatial distribution of estimated coefficients (a, c, e, g, 1, k) and corresponding t-values (b, d, f, h, j, 1) of the GWR model
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Fig. 5 Spatial distribution of local R* of the GWR model

carefully. By contrast, the spatial distribution of t-values
of residential area suggests that the spatial variation in
the center, western and southern parts should be inter-
preted carefully, because the corresponding coefficients
were not significant at the 0.05 level.

In addition, it is possible to analyze the spatial vari-
ability of the GWR model’s explanatory power accord-
ing to the spatial distribution of local R*. Fig. 5 presents
the spatial distribution of local R*. The model has a
higher explanatory power in the central parts than in
outskirt areas with a low metro station density. The
same finding was also discovered in Madrid (Cardozo et
al., 2012). A probable reason is that the distribution of
metro station in the central area is more intensive than
that in outskirt areas so that more samples (stations)
make the goodness of fit superior. Nevertheless, all local
R® values, mapped in Fig. 5, are higher than 0.73.

4 Discussion

4.1 Spatial heterogeneity

The purpose of this study is two-folded: one is discov-
ering the spatial heterogeneity in station ridership, the
other is examining the relationship between independent

variables and station ridership, especially from a local
perspective. The diagnostic tests for spatial effects (Ta-
ble 3) showed the existence of spatial heterogeneity in
the ridership analysis, which is ignored in the OLS
model and usually results in biased estimation results.
To cope with the spatial effect issue, SLM and SEM are
applied and the estimated coefficients in the two models
are all statistically significant. According to the value of
spatial autoregressive parameters tho and lambda, the
positive spatial autocorrelation is addressed in the dis-
turbance items and the spatial dependence (spatial lag)
of station ridership is not very obvious. The values of
R?, AIC, Sigma-square and residual sum of squares also
suggest that SEM outperforms SLM in the ridership
analysis. The spatial heterogeneity played an important
and necessary role in station ridership. The coefficients
of each variable vary across space, which also verifies
the existence of spatial heterogeneity. It is possible to
use the GWR model to better reflect the spatial hetero-
geneity or dependence from a local perspective.

4.2 Relationship between independent variables
and station ridership

We estimated the global parameters of the OLS, SLM
and SEM models, and the local parameters of the GWR
model. Estimation results between different models
were generally consistent. The coefficients of population
vary from 17.5808 to 19.9539 (Table 5). Similar find-
ings can also be found in other studies (Kuby et al.,
2004; Zhao et al., 2014; Durning and Townsend, 2015;
Jun et al., 2015). A positive relationship was also found
between number of lines and station ridership. Station
ridership increases from 191826 to 245012 if there was
one more metro line passing through the station. The
number of feeder buses in the catchment area is posi-
tively associated with ridership, which indicates that the
metro-feeder bus intermodality within metro station ar-
eas have synergistic impacts on increasing metro riders.
This finding is consistent with most previous studies,
such as Kuby et al.,, 2004; Sohn and Shim, 2010;
Gutiérrez et al., 2011; Zhao et al., 2014; Jun et al., 2015.
The coefficients (9883 to 11427 passengers a month)
were smaller than those in the previous studies in Nan-
jing (503 passengers a weekday) and Seoul (1382 pas-
sengers a weekday) (Sohn and Shim, 2010; Zhao et al.,
2014). This may because of the longer distance of re-
mote and suburban metro stations that were built in



GAN Zuoxian et al. Analysis of Metro Station Ridership Considering Spatial Heterogeneity

1075

Nanjing.

The number of exits has a significant positive effect
on metro station ridership (Table 5). The coefficient for
the number of exits ranges from 93369.6 to 106197.7,
indicating it has a strong effect on station ridership after
controlling for other variables. An interpretation may be
the number of exits (entrances) improves the accessibil-
ity of the station and gives the perception of shorter
waking distance. For example, Xinjiekou Station has 19
exits in April 2015 and the linear distance between the
two farthest exits (No. 14 and No. 20 exits) is 450 m,
while the catchment area was set to 800 m in the current
paper. There is no doubt that having more exits may
extend the actual catchment area through increasing the
station’s external accessibility and connectivity, which
would attract more people to use metro.

As expected, road density was positively related to
station ridership. This finding corresponds with Zhao et
al. (2014) results, who analyzed Nanjing metro system
and stated that increasing 10 m road length in the
catchment area would add six passengers. Durning and
Townsend (2015), on the other hand, found road density
is negatively associated with ridership and recognized
this difference was likely a product of using net-
work-based buffers (Durning and Townsend, 2015).
According to the GWR model the spatial distribution of
the coefficients has hot spots in the center and cen-
tral-southern parts of Nanjing, where road density
played a more significant role (Fig. 4).

Residential area has a negative relationship with rid-
ership, indicating that a larger percentage of residential
areas within the station catchment area tends to decrease
the number of passengers. However, results of prior re-
search are rather mixed. Pulugurtha and Agurla (2012)
found that the share of residential land use within the
buffer of a bus stop has a negative association with rid-
ership, while Sung and Oh (2011), and Durning and
Townsend (2015) found a positive correlation with tran-
sit station ridership. The results of other previous studies
on Nanjing metro system showed a weak negative asso-
ciation between residential areas with transit station rid-
ership (Zhao et al., 2013; 2014). This result may in part
be mitigated by the fact that business, office and com-
mercial area may attract more people than residential
area in general. The GWR model suggests that a higher
residential area ratio decreases metro ridership in the
center and central-southern parts of Nanjing.

5 Conclusions

This study aimed to identify spatial heterogeneity in the
Nanjing Metro System and examine the influence of
built environment and transit attributes on metro rider-
ship. Traditional stepwise OLS model, global spatial
models- SLM and SEM, and local spatial model-GWR
were applied to that end. These models extend classical
rapid transit ridership analysis by considering spatial
heterogeneity.

The major findings of this study can be summarized
as follows. First, based on ten candidate independent
variables, six variables are significantly related with
station ridership: population, number of lines, number of
feeder buses, number of exits, road density, and residen-
tial area. Especially, number of exits and residential
area, which were not examined or turned out to be posi-
tively related with station ridership in existing studies,
seems significantly and negatively associated with sta-
tion boardings in Nanjing. Second, the evidence of spa-
tial heterogeneity is found and it is most reflected in the
error items. The spatial autocorrelation is decreased or
eliminated and the estimation errors become smaller by
using the SEM instead of the OLS model. Third, the
GWR model has the best explanatory power, and it pro-
vides a local perspective to better understand the spatial
heterogeneity. This finding provides additional insights
into the analysis of urban rail transit ridership and sup-
port evidence-based urban and transportation planning
policy development. To sum up, the main contribution
of the present study is two-fold. One is that this study
proved that it is necessary to take spatial heterogeneity
into consideration when predicting urban rail transit rid-
ership and the other is that the provided methodological
framework of spatial analysis of urban rail transit rider-
ship can be adopted for urban and transportation pol-
icy-makers.

The findings of this study have several implications.
First, the results suggest that it is reasonable for Chinese
government to give priority to public transit develop-
ment and build urban rapid transit systems. Second, in
general, the number of feeder buses affects all metro
station ridership, indicating that metro station ridership
would be significantly increased by an additional feeder
bus line due to the synergistic impacts of metro-feeder
bus intermodality. The evidence in the paper supports
the importance of feeder buses to increase metro station
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ridership, especially for the area separated by the Yang-
tze River in Nanjing, even though the coefficient of
number of feeder bus lines is smaller than in previous
studies in Nanjing or Seoul (Sohn and Shim, 2010; Zhao
et al., 2013). Third, the number of exits on station rider-
ship is positively associated with station ridership, indi-
cating that multi-exits help metro stations attract more
passengers, because multi-exits actually extend the pas-
senger-attracting scope, especially for the city center
and densely populated areas. It also suggests it is im-
portant to reserve several exits for new-built stations
instead of building few exits at the beginning, consider-
ing that metro systems need to carry increasingly more
passengers during its growth. Fourth, road density is
found to be an important factor in promoting metro sta-
tion ridership. One possible reason for this is that the
small block with high-density road network provides a
good environment of walking and bicycling for passen-
gers to get access to metro stations. It implies that de-
signing relatively small block with high-density road
network in new metro station areas is expected to attract
more metro users. Therefore, road density should be
underlined to promote metro station ridership, especially
in achieving transit-oriented development (TOD) pur-
pose (Sung and Oh, 2011). Fifth, unlike what previous
research concluded, the estimation results of the models
indicate that the proportion of residential area does not
have a positive effect on station boardings. In contrast,
the proportion of residential area is negatively associ-
ated with station ridership, especially in the areas where
large parts of the land are used for commerce and of-
fices. Moreover, the results are not very consistent
across various Nanjing regions and in some parts not
significant. It suggests researchers should be hesitant to
use proportions to explain absolute ridership. Pol-
icy-makers should be cautious to make their decisions
on such possible spurious results about the impact of the
built environment on ridership. Finally, the GWR model
demonstrates local ridership effects of built environment
and transit attributes by stations. It implies that it is
necessary for urban and transportation policy-makers to
refer to the GWR results to determine which factors
should be improved in different station area in order to
increase metro ridership at station-level.

Interpreting our findings, it should be noted that our
study has two limitations. First, because of the difficulty
of collecting individual or household information within

the station catchment areas, socio-economic variables
were not considered in the study. Although some re-
searchers stated there were no significant associations
between these variables and ridership (e.g., Durning and
Townsend, 2015), there is an overwhelming amount of
that with
socio-demographics, while in addition car ownership in
developing countries is strongly related to sociodemo-
graphic variables. Second, station ridership needs to be

evidence activity participation varies

validated by using longitudinal or panel data. We plan to
conduct such validation when we obtain the ridership
data for the year 2015.
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