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Abstract
Understanding the temporal and spatial dynamics and determinants of public transport rid-
ership play an important role in urban planning. Previous studies have focused on explor-
ing the determinants at the station level using global models, or a local model, geographi-
cally weighted regression (GWR), which cannot reveal spatial autocorrelation at the global 
level. This study explores the factors affecting bus ridership considering spatial autocor-
relation using the spatial Durbin model (SDM). Taking the community in Beijing as the 
basic study unit, this study aims to explore the temporal and spatial dynamics of bus rider-
ship and identify its key determinants considering neighboring effects. The results show 
the following: (1) The temporal dynamics are quite distinct on weekdays and weekends 
as well as at different time slots of the day. (2) The spatial patterns of bus ridership varied 
across different time slots, and the hot areas are mainly located near the central business 
district (CBD), transport hubs, and residential areas. (3) Key determinants of bus rider-
ship varied across weekends and weekdays and varied at different time slots per day. (4) 
The spatial neighboring effects had been verified. This study provides a common analytical 
framework for analyzing the spatiotemporal dynamics and determinants of bus ridership at 
the community level.
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Introduction

With increasing urbanization, the ownership of private cars has rapidly increased in recent 
decades, generating many social and economic problems, such as traffic congestion, envi-
ronmental pollution, and traffic noise (Gruyter et  al. 2020). Public transport, including 
urban rail transit and bus systems, is widely considered as useful tool to decrease private 
car usage. Understanding the key determinants of public transport ridership might be of 
great practical significance for addressing transport congestion, transport demand estima-
tion and planning, and urban planning.

Previous studies have explored the determinants of public transit ridership at both the 
macro and micro levels in recent decades. At the macro level, existing studies have mainly 
focused on comparing the determinants of ridership across different cities using aggregate 
data (Taylor et al. 2009; Currie and Delbosc 2011; Rahman and Balijepalli 2016; Ingvard-
son and Nielsen 2018). At the micro-level, bus ridership at the station or station-to-station 
level is commonly set as the dependent variable, and the contributing factors within the 
catchment areas of stations are set as the independent variables (Kuby et al. 2004; Chakour 
and Eluru 2016). Commonly, the catchment area of stations is set as a circle with a fixed 
radius or path distance, such as 500 m (Li et al. 2016), 600 m (An et al. 2019), 400 m, and 
800 m (Zhao et  al. 2013). The differentiated radius of the catchment area determines to 
what extent contributing factors will drive the effects. To eliminate the influence of the 
radius of the catchment area, some scholars have tried to set different sizes of buffer zones, 
including 200 m, 400 m, 600 m, 800 m, and 1000 m (Chakour and Eluru 2016) or 300 m, 
600 m, and 900 m (Jun et al. 2015). Commonly, the catchment area of stations is not con-
tinuous in space, which means that the contributing factors within the catchment area can-
not reflect all the characteristics of persons and cities. Thus, it is necessary to explore the 
relationship between public transit ridership and its determinants in a continuous region, 
i.e., townships or communities, which is a mass self-government organization to imple-
ment self-management, self-service, and self-monitoring in China.

The determinants of bus ridership established in previous studies included internal strat-
egies (e.g., the scale, density, and accessibility of public transport), alternative transport 
connections (e.g., parks and private cars), and external forces (e.g. socioeconomic char-
acteristics, land use, and the built environment). Amongst them, public transport charac-
teristics are considered to be very important to attract riders and are commonly evaluated 
from the price, scale, density, coverage, and accessibility perspectives using the number of 
bus and subway stations, road/bus/subway route length, and travel distance to the nearest 
stations (Chiou et al. 2015). Moreover, the connectivity of a transport network, reflecting 
how well a place is located in the transport network, has been introduced in some studies 
(Ingvardson and Nielsen 2018; He et al. 2019). The alternative transport connections are 
commonly explored using car ownership (Rahman and Balijepalli 2016) and road network 
density (Zhao et al. 2013; Jun et al. 2015).

The external factors refer to the socio-economic attributes and built environment. Socio-
economic characteristics are traditionally evaluated using population, employment, and 
revenue or income (Zhao et al. 2013; Zhu et al. 2018; He et al. 2019), which have been 
verified to have a positive influence on public ridership in many studies. The proportion of 
different types of land status, such as residential areas, commercial areas, industrial areas, 
and mixed land use, are most widely employed as land use or built environment variables 
(Li et al. 2016). However, in most cities, data on the proportion of different types of land 
status are unavailable. Some researchers have used the number of retailers, schools, banks, 
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hospitals, hotels, and restaurants to explore the built environment characteristics (He et al. 
2019). Additionally, some researchers have studied the impacts on ridership of the built 
environment from three dimensions: density, diversity, and design (Cervero and Kockel-
man 1997).

Regarding the methodology, global models, including multiple linear regression analy-
sis with ordinary least squares (OLS) (Chow et  al. 2006; Messenger and Ewing, 2007), 
poisson regression models (Kuby et al. 2004; Chu 2004), simultaneous regressions (Tay-
lor et al. 2009), structural equation models (Sohn and Shim 2010), aggregate logit models 
(Buehler 2011; Taylor and Fink 2013) and tobit regression models (Boame 2004; Chiou 
et al. 2015), are widely used to explore the determinants of public transport ridership. How-
ever, most of these models are formulated under different hypotheses and cannot reveal the 
neighboring effects and spatial autocorrelation, which means that the bus ridership of a 
region might also be influenced by the attribution of its neighbors. Recently, a local model, 
namely, geographically weighted regression (GWR) and the semi-parametric geographi-
cally-weighted regression (SGWR) have been introduced to explore spatial autocorrelation 
and neighboring effects (Gutiérrez et al. 2011; Chen et al. 2019; Kuai and Wang 2020). 
This approach could be used to address spatial autocorrelation and spatial nonstationarity 
at the local level but not at the global level and cannot differentiate the influence of its fac-
tors and those of its neighbors. To address these limitations, this study introduces a global 
spatial econometric model that incorporates spatial autocorrelation or neighborhood effects 
at the global level (Elhorst 2010).

Except for spatial nonstationarity, several studies began to focus on the temporal nonsta-
tionarity of rail station ridership by comparing the determinants of public transport rider-
ship on weekdays and weekends and at peak and off-peak hours considering the temporal 
variation of ridership (Zhu et al. 2018; Chen et al. 2019). Most of these studies concen-
trated on urban rail transit instead of bus transport. Although there might be some similari-
ties in trends between urban rail transit and bus ridership, i.e., the existence of peak and 
off-peak hours, some differences also exist, i.e., the start time and duration of peak and 
off-peak hours and the spatial patterns of ridership. Given that it is a major public transport 
mode, it is necessary to explore the determinants of bus ridership.

Therefore, this study introduces a global spatial econometric model to explore the tem-
poral and spatial dynamics of bus ridership and identify its key determinants considering 
neighboring effects by taking communities in Beijing as the basic unit. First, station-level 
smart card data are transformed and assigned in each community using the inverse distance 
weight (IDW) considering that the demand for persons might decrease with an increase in 
the distance to bus stations. Second, three spatial econometric models, including the spatial 
lag model (SLM), spatial error model (SEM), and spatial Durbin model (SDM), are intro-
duced to analyze the determinants of bus ridership considering spatial autocorrelation at 
the global level. Third, the temporal and spatial dynamics of bus ridership within the Six-
Ring Road of Beijing are explored to detect the hot areas and peak hours of bus ridership. 
Finally, the determinants of bus ridership are identified and compared by considering rid-
ership on weekends and weekdays and during morning peak hours, afternoon peak hours, 
daytime off-peak hours, and night-time off-peak hours.

This article is organized as follows. Section 2 reviews and analyses the literature related 
to the determinants of public transport ridership at the micro-level. Section 3 focuses on 
the research methods and data collection. Section  4 explores the temporal and spatial 
dynamics of bus ridership. Section 5 analyses the regression results. Section 6 presents the 
conclusions and discussions.
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Methodology and data

Data collection and description

Beijing, as a populous megacity, has a population size of 21.7 million, inducing enor-
mous travel demand. In 2018, the total number of weekday bus riders in the urban areas 
of Beijing was 6.3 million, accounting for 16.06% of the total number of weekday trips. 
Geographically, bus ridership is mainly distributed in the central urban areas of Beijing, 
especially within the Six-Ring Road, where there were 3616 bus stations in 2015. The 
smart card data (SCD) for a single week of 2015 were obtained from the Beijing Trans-
portation Information Center, and they account for 85% of the total trips in the system 
(Zhong et  al. 2016). The SCD is widely used to explore the commute mode preference 
(Wang et al. 2020), the transit-based health seeking patterns (Du et al. 2020), and the Job-
worker dynamics (Huang et al. 2019). These data include information on the boarding sta-
tion, alighting station, boarding time, alighting time, and many other items of all bus riders. 
Since there might be several bus stations at the crossroads, and these stations might serve 
the same residents in the nearby community, so we adopt community as the basic unit for 
analysis in this paper. For example, at the crossroad of Beitucheng West Road and Huay-
uan East Road, there are four bus stations, named Mudanyuan East, Mudanyuan West, 
Mudanyuan South, and Mudanyuan North stations, located at the different directions of the 
crossroad. To better understand the spatial patterns and the influential factors of bus riders, 
the OD-linked transit trips are aggregated to a certain spatial area (community level).

A community, one kind of continuous area in cities, is a mass self-government organi-
zation under the leadership of community residents to implement self-management, self-
service, and self-monitoring. In China, most transport services are distributed by taking the 
community as the smallest unit. Thus, the 3049 communities located within the Six-Ring 
Road of Beijing are chosen as the objects of study in this study, as shown in Fig. 1. The 
travel demand of communities is calculated according to the bus ridership at the station 
level. Considering that the demand for persons might decrease with an increase in the dis-
tance to bus stations, the inverse distance weight (IDW) method is introduced to transfer 
the bus ridership at each bus station to that in each community in this study. The formulas 
for the IDW are written as:

where zi are the observed data points noted as i and diu is the distance from observed data i 
to pixel u. The bandwidth used in the IDW is set as 500 m, which is the access distance for 
walking.

To better understand the temporal nonstationarity of bus ridership determinants, the 
average bus alighting ridership per day in a week, on weekdays, and weekends is chosen as 
the dependent variable to explore the determinants across a week. The average bus alight-
ing ridership per hour during morning peak hours, afternoon peak hours, daytime off-peak 
hours, and night-time off-peak hours is chosen as the dependent variable to explore the 
determinants across the course of a day. According to the temporal dynamics of bus rider-
ship (refer to Sect. 3.1), the morning peak, evening peak, daytime off-peak, and night-time 
off-peak hours are respectively set as 6:30 -10:00, 16:30 -20:00, 10:00 -16:30, and 20:00 
-6:30.

(1)IDW ∶ zu =

∑s

i=1
zid

−2
iu

∑s

i=1
d−2
iu
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According to previous studies (Kuby et al. 2004; Chakour and Eluru 2016; Zhu et al. 
2018; Chiou et  al. 2015), the independent variables in this study include the transport 
endowment indicators, socio-economic attributes, and built environment attributes of each 
community.

The transport endowment of a community reflects how well a community is posi-
tioned in the transport network, which refers to the indicators related to the bus infra-
structure and service network of the bus network, its alternative transport modes, and 
the intercity transport location endowment. The transport endowment related to the bus 
network includes the indicators reflecting its scale, accessibility, and connectivity char-
acteristics, which includes the density of bus stations (bus stations), the distance to the 
nearest bus stations (Dist_to_bus stations), and the betweenness centrality in the bus 
service network (Betw_bus). The alternative transport indicators include the density of 
subway stations (subway stations), the shortest distance to the subway stations (Dist_
to_subway stations), the density of the road network (Road density), and the between-
ness centrality in the road network (Betw_road). Traditionally, having more subway 
stations, more convenient subway stations, higher road network density, and larger 
road network connectivity means having lower bus ridership. The intercity transport 
locational endowment is reflected by the distance to the airport (Dist_to_airport) and 
railway stations (Dist_to_rail station). Amongst, betweenness centrality measures the 

Fig. 1   Study areas and bus network in Beijing (2015)
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extent to which a particular node lies between other nodes in a bus network or road net-
work, which reflects the inter-change role of the node (Jiao et al. 2017). The between-
ness centrality of each station in the bus network and each road intersection in the road 
network are calculated according to the previous work by Wang et al. (2011), and then 
the betweenness centrality of each community in the bus and road network is calculated 
using IDW. The distance to bus stations, subway stations, airports, and rail stations is 
calculated using the software ArcGIS. The other data are mostly calculated according to 
the raw data sourced from a web mapping service application “Baidu Map”.

The socio-economic attributes contain the Gross Domestic Product (GDP), population, 
employment, and average housing price in each community, which respectively measures 
the scale of GDP, population and employment divided by the areas of the community, and 
the average listing price of each residential quarter in each community. Considering that 
there is high collinearity between GDP and population-scale of communities, only the pop-
ulation scale, employment, and housing price are introduced in the models. The population 
and employment data are respectively sourced from Beijing population census data in 2010 
and Beijing economic census data in 2014 (available at < http://​gis.​bjhgk.​gov.​cn/​visual/​
main/​base.​html?​galle​ry > . accessed on 4 May 2016). The listing price of each residential 
quarter within the Six-Ring Road is collected from the website of Soufang (http://​bj.​fang.​
com/, accessed in December 2013), which is one of the famous real estate network media 
and information service enterprises.

The land use and built environment are evaluated using the density of education, cater-
ing, commercial facilities, financial spots, tourist spots, and healthcare, which are cal-
culated using their number and the areas of the community where they are located in. 
Amongst, the number of these facilities is also sourced from “Baidu Map”, while the area 
of each community is calculated using the software ArcGIS. Details about the dependent 
and independent variables are shown in Table 1.

Methodology

Spatial econometric models are widely used to capture spatial autocorrelation, which is 
referred to as the neighborhood effect or spatial autocorrelation (Jiao et al. 2020). Three 
widely used spatial econometric models, including the SEM, SLM, and SDM, are intro-
duced. Specifically, the SDM accommodates the spatial interaction effect from the depend-
ent variable and all explanatory variables, whereas the SLM and the SEM accommodate 
the spatial interaction effect only from the dependent and residual variables, respectively 
(Elhorst 2010). The formulas for the baseline, SDM, SEM, and SLM are as follows:

where y is the dependent variable, including the indicators reflecting the demand for bus 
ridership; X represents the constant and independent variables, including the external and 
internal factors influencing bus ridership; β represents the corresponding parameters of 
each variable; and ε is the residual of the model. W is the spatial weight matrix, which is 

(2)SDM:y = �Wy + X�1 +WX� + �

(3)SEM:y = X� + �, � = �W� + �

(4)SLM:y = �Wy + X� + �

http://gis.bjhgk.gov.cn/visual/main/base.html?gallery
http://gis.bjhgk.gov.cn/visual/main/base.html?gallery
http://bj.fang.com/
http://bj.fang.com/
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set as the inverse distance matrix, measuring the reciprocal of Euclidean distance between 
two communities. Wy represents the spatial lag in the dependent variable, indicating the 
spatially weighted average value of bus ridership from i’s neighboring regions; WX is a 
spatial lag in the independent variables, which is the weighted average value of the inde-
pendent from the neighbors. The coefficients ρ and θ represent the effects of the dependent 
and independent variables for the neighboring regions, respectively, and � represents the 
spatial lag of the associated residual.

The selection of spatial econometric models is based on the following tests. First, the 
Lagrange multiplier (LM) diagnostics, including the Lagrange multiplier (LM) error test, 
LM-lag test, robust LM-error test, and robust LN-lag test, are used to judge whether spatial 
lag dependence or spatial error dependence exists in the model. Second, whether the SDM 
could be simplified, the SLM and SEM should be examined according to the values of ρ 
and � (Elhorst, 2010; LeSage and Pace, 2009). When ρ ≠ 0andθ = � = 0 , SLM should be 
chosen; when ρ = θ = 0and� ≠ 0 , SEM should be chosen; when hypotheses of H0:θ=0 and 
H1:θ+ρλ=0, tested using the Wald test, are rejected, the SDM is preferred over the spatial 
lag model (SLM) and the SEM.

Spatiotemporal patterns of bus ridership

Temporal dynamics of bus ridership

Figure 2 shows the aggregated hourly dynamics of bus usage concerning alighting rider-
ship. The patterns are quite distinct on weekdays and weekends as well as at different time 
slots of the day. During weekdays, bus usage has shown stationarity patterns with two com-
muting peaks in the morning (6:30–10:00) and evening (16:30–20:00), indicating that most 
bus ridership occurs for commuters during the weekdays. Normally, bus ridership in the 
morning peak is higher than that in the evening peak. On weekends, both the morning and 
evening peaks still exist, but the total bus ridership during peak hours is much lower than 
that on weekdays, possibly because some commuters still work on weekends. The total bus 
ridership during off-peak hours on weekends is slightly higher than that on weekdays, indi-
cating that more people choose to travel during off-peak hours on the weekends.

Spatial dynamics of bus ridership

Figure  3 shows the spatial patterns of average bus ridership per day during a week 
(Fig. 3a), weekday (Fig. 3b), and weekend (Fig. 3c) and the spatial disparity in bus rider-
ship on weekdays and weekends (Fig. 3d), which is set as the difference between the aver-
age daily bus ridership on weekdays and that on weekends.

Bus ridership is mainly aggregated around transport hubs and residential areas (see 
Fig. 3). Specifically, the communities with high bus ridership align well with the intercity 
transport hubs (i.e., Beijing West station, Beijing South station, and Lianhuachi intercity 
bus station), the urban transport hubs (i.e., Dongzhimen station, Xizhimen station), and 
the central business district (CBD) and residential area (i.e., Huilongguan). This pattern is 
most explicit in Fig. 3a, which depicts bus usage on weekdays. This finding indicates that 
on weekdays, people are likely to commute by bus or travel to transport hubs by bus for 
transfer during a commuting journey.
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To further investigate spatial disparity, the difference in average bus ridership between 
weekdays and weekends is explored (as shown in Fig. 3d). Of 3049 communities within 
the Six-Ring Road of Beijing, 2801 have more bus ridership on weekdays than weekends, 
which indicates that approximately 91.87% of communities have higher travel demand on 
weekdays than on weekends. These communities with large differences in average bus rid-
ership between weekdays and weekends are mostly located near the CBD, transport hubs, 
and residential areas. The remaining 8.13% of communities have higher travel demand on 
weekends and are mainly located around  tourist spots (i.e., South Luogu Lane, Tian’an 
Men, Happy Valley, Longtan Park) and some industrial parks.

We further explore the spatial dynamics of bus ridership at peak and off-peak hours on 
weekdays. Figure  4 illustrates the spatial dynamics of average bus ridership hourly dur-
ing morning peak hours (Fig. 4a), evening peak hours (Fig. 4b), daytime off-peak hours 
(Fig. 4c), and night-time off-peak hours (Fig. 4d) on weekdays.

The bus ridership during morning and afternoon peak hours share large similarities with 
the total on weekdays, and communities located around transport hubs or with large resi-
dential populations have larger volumes of bus ridership than other places. According to 
the difference between the hourly bus ridership during morning and afternoon peak hours, 
we find that most communities have larger bus ridership during morning peak hours than 

Fig. 2   Time-varying bus ridership during a week
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during afternoon peak hours, indicating that residents are apt to use bus services for com-
muting in the morning. Possible reasons are that in Beijing, most people go to work at 
the  similar times, but they finish work at different times in the afternoon since some of 
them work overtime. Moreover, elderly people in Beijing, who are free to take the bus, 
are more likely to go shopping or go to the park in the early morning, which might also 
increase bus ridership during morning peak hours. The alighting ridership during morning 
peak hours is mainly concentrated at the transport hubs and job centers of Beijing (Zhong-
guancun, Guomao, etc.), while that in residential communities are concentrated during 
afternoon peak hours.

Fig. 3   Spatial patterns of average ridership per day on weekdays and weekends
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Regression estimate results

In this section, the determinants of bus ridership are investigated from the perspective of 
different time slots, including weekdays and weekends, morning and afternoon peak hours, 
and daytime and night-time off-peak hours among weekdays. According to the results of 
a heteroscedasticity test, feasible generalized least squares (FGLS) are introduced to esti-
mate the spatial econometric models. According to the results of the LM, LR, and Wald 
tests, the SDM is preferred over the SLM and the SEM. The estimated results are shown in 
Figs. 5, 6, 7.

Impacts of transport endowment

Figure  5 shows the coefficients of the transport endowment and their spatial lag, which 
respectively reflect how the transport endowment of a community and its neighbors impact 
its bus ridership; thus, a positive coefficient for the density of bus stations and subway sta-
tions, betweenness centrality in road and bus network, and road density, and a negative 
coefficient for distance to bus stations, subway stations, rail stations, and airports, meaning 
that the transport endowment in a community and its neighbors have a negative influence 
on its bus ridership.

The betweenness centrality in the bus network and road network and the distance to sub-
way stations and rail stations had a significant influence on bus ridership at all the selected 
time slots (Fig. 5). The elasticities of these indicators were higher than the other significant 
indicators at all the selected time slots. That is, there might be more bus ridership in the 

Fig. 4   Spatial patterns of bus ridership at different time slots during weekdays
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communities with higher betweenness centrality, and lower distance to the subway station, 
which respectively reflected the transferring role in bus and road network, and the acces-
sibility to subway stations. The positive influence of betweenness centrality in bus and road 
network and negative influence of the distance to subway stations and rail station indicated 
that persons are more likely to transfer from one bus to another bus, or even to subway 
or railway. Except for the distance to subway stations, the impact magnitude of the other 
three indicators on weekdays was higher than that on weekends. On both weekdays and 
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weekends, bus ridership was also influenced by the distance to bus stations and road den-
sity, and the magnitude of the impact of these two indicators on weekdays was lower than 
that on weekends. That’s to say, the transport connectivity, reflected by the betweenness 
centrality, had generated a larger influence on the bus ridership on weekdays, while the 
density and accessibility respectively donated by the road density and distance to bus sta-
tions had generated a larger affect on the bus ridership on weekends.

Concerning the four-time slots on weekdays, the betweenness centrality in the road net-
work, the distance to subway stations and rail station generated the largest influence on 
bus ridership during morning peak hours but the smallest influence at night-time off-peak 
hours or afternoon peak hours; the betweenness centrality in the bus network generated the 
largest influence on bus ridership during afternoon peak hours but the smallest influence 
at night-time off-peak hours. Additionally, the density of subway stations and road density 
had a significantly positive influence on bus ridership during morning peak hours, but the 
density of subway stations had a negative influence during daytime off-peak hours. Over-
all, the bus ridership during morning peak hours were more impacted by the betweenness 
centrality in the road network, the distance to subway stations and rail station, and subway 
density than the other time slots, while that during afternoon peak hours were more likely 
to be influenced by the betweenness centrality in the bus network.

The spatial lag of the betweenness centrality in the bus network and road network and 
road density generated a significantly negative influence on bus ridership at all the selected 
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time slots, indicating that an increase in these indicators of a community’s neighbors had 
a negative influence on its bus ridership (Fig. 5). The spatial lag of the distance to subway 
stations, airport, and rail stations had a significant positive influence on bus ridership at all 
the selected time slots, indicating that an increase in the distance to subway stations, airport 
and rail station of a community’s neighbors might have an overall positive influence on 
bus ridership. Bus ridership on weekdays was more sensitive to a decrease in betweenness 
centrality in the bus network and road network, a decrease in road density, and an increase 
in the distance to the airport than on weekends. Bus ridership was more sensitive to an 
increase in the density of subway stations and a decrease in the distance to bus stations and 
rail stations on weekends than on weekdays. Concerning the four-time slots on weekdays, 
bus ridership during afternoon peak hours was most sensitive to the increased betweenness 
centrality in the bus network and road network and the road density of its neighbors than 
the other three time slots. Bus ridership at daytime off-peak hours was most sensitive to the 
increased distance to subway stations and airports. Bus ridership at all the time slots was 
more influenced by the betweenness centrality in the bus network of its neighbors than by 
the other `indicators.
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Impacts of socioeconomic attributes

Figure 6 shows the coefficients of the social-economic attributes (including housing price, 
employment, and population) and their spatial lag, which respectively represent the impacts 
of social-economic attributes of a community and its neighbors on its bus ridership; thus, 
a positive coefficient means that the housing price, employment, and population of a com-
munity and its neighbors have a positive influence on its bus ridership.

Housing price, employment, and population all had positive impacts on bus ridership 
on weekends and weekdays. The impact magnitude of housing price and the population 
was greater on weekends than on weekdays, but the impact magnitude of employment was 
greater on weekdays than on weekends. Specifically, the elasticities of housing price and 
population were respectively 0.5097 and 0.0180 on weekdays, which were lower than those 
on weekends (0.6569 and 0.0267), indicating that housing prices and the population had 
generated a larger influence on the bus ridership on weekends than that on weekdays. The 
elasticity of employment was 0.0225 on weekdays, 0.0195 in a week, and 0.0145 on week-
ends. The impact magnitude on weekdays was higher than that on weekends, indicating 
that employment had generated a larger influence on the bus ridership on weekdays than 
that on weekends.

Concerning the time slots on weekdays, both housing price and employment generated 
the largest influence on bus ridership during afternoon peak hours but the smallest influ-
ence at night-time off-peak hours; population generated the largest influence on bus rid-
ership during morning peak hours but the smallest influence at daytime off-peak hours. 
Specifically, the elasticities of housing price and employment during afternoon peak hours 
(0.3676 and 0.0159) were slightly higher than those during morning peak hours (0.3450 
and 0.0143), daytime off-peak hours (0.3410 and not significant), and much higher than 
those during night-time off-peak hours (0.2845 and 0.0099), indicating that housing prices 
and employment had a larger influence on bus ridership during afternoon peak hours than 
during the other time slots. The elasticity of the population during morning peak hours 
(0.0290) was higher than that during afternoon peak hours (0.0277) and at daytime off-
peak hours (0.0189), indicating that the population had a larger influence on the bus rider-
ship during morning peak hours than during the other time slots.

Concerning the spatial neighbouring effects, the housing price in a community’s neigh-
bors generated a negative influence on bus ridership in a week, weekdays, weekends, and 
all four-time slots. The population in a community’s neighbors had a negative influence 
on bus ridership on weekends, during morning peak hours, and daytime off-peak hours on 
weekdays, but a positive effect on bus ridership during afternoon peak hours. The employ-
ment in a community’s neighbors had a positive influence on bus ridership on weekends 
and during night-time off-peak hours, but a negative influence on bus ridership during 
morning peak hours and daytime off-peak hours.

Impacts of built environment attributes

Figure 7 shows the coefficient related to the built environment attributes and their spatial 
lag, which respectively represent the impacts of density indicators in a community and of 
its neighbors on its bus ridership; thus, a positive coefficient means that the density indica-
tors in a community and its neighbors have a positive influence on its bus ridership.

Education and catering had a significant influence on bus ridership on both weekends 
and weekdays, but the impact magnitude on bus ridership on weekends was higher than 
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that on weekdays. Specifically, the elasticities of education and catering on weekends were 
respectively 0.0102 and 0.0167, which were higher than the values of −0.0082 and 0.0137 
on weekdays. Possible reasons might be that during the weekends, people have more spare 
time to visit catering and that university students are more likely to go off campus for shop-
ping and entertainment. Healthcare had a positive influence on bus ridership on weekdays 
but no significant influence on weekends. That is, healthcare was one of the key deter-
minants of bus ridership on weekdays instead of weekends, possibly because most hos-
pital departments are closed on weekends. Commercial facilities and financial spots had 
a significantly positive influence on bus ridership on weekends but no significant influ-
ence on bus ridership on weekdays. Specifically, the elasticities of commercial facilities 
and financial spots were respectively 0.0096 and −0.0148 on weekends, which indicated 
that the higher the commercial facilities and the lower the financial spots, the higher the 
bus ridership of a community on weekends. The density of tourism spots had no significant 
influence on bus ridership on either weekdays or weekends.

Concerning the time slots on weekdays, bus ridership at daytime off-peak hours was 
more sensitive to catering and tourist spots than the other time slots, while the bus rid-
ership during morning peak hours and afternoon peak hours were more sensitive to the 
healthcare and commercial facilities, respectively. Specifically, the elasticities of cater-
ing and tourist spots during daytime off-peak hours (0.0171 and 0.0066) were higher than 
those during morning peak hours (0.0135 and 0.0027), afternoon peak hours (0.0091 and 
not significant), and night-time off-peak hours (0.0052 and 0.0061), indicating that having 
higher catering and tourist spots of a community had the largest influence on bus ridership 
during daytime off-peak hours. Healthcare had a significantly positive influence on bus rid-
ership during the morning peak hours but was not significant during the other time slots. 
The elasticity of commercial facilities during afternoon peak hours was 0.0032, which was 
higher than that during daytime off-peak hours (0.0026).

The spatial lag of the built environment indicators all had a significant influence on bus 
ridership in a week, but the impact varied across different time slots. Specifically, the aver-
age bus ridership in a community was positively impacted by the education, commercial 
facilities, and tourist spots of its neighbors but negatively influenced by the catering, finan-
cial spots, and healthcare. Thus, the increased education, commercial facilities, and tourist 
spots of neighbors generated a positive influence on bus ridership, but the large catering, 
financial spots, and healthcare of neighbors generated a negative influence. Similar results 
could be found for the selected time slots, except that there was no significant influence of 
education during morning peak hours and daytime off-peak hours, of commercial facili-
ties on weekends, or financial spots on weekday and daytime off-peak hours; there was a 
negative influence of tourist spots during daytime off-peak hours and a positive influence 
of healthcare during morning peak hours. The magnitude of the impact of the catering, 
financial spots, and tourist spots of neighbors was higher on weekends than on weekdays, 
while that of the education, commercial facilities, and healthcare of neighbors was higher 
on weekdays than on weekends. Bus ridership during morning peak hours was more sensi-
tive to the catering, commercial facilities, and healthcare of neighbors than bus ridership in 
the other three-time slots on weekdays, while that during afternoon peak hours was most 
sensitive to the education and tourist spots of neighbors.
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Robustness and endogeneity test

The estimation of spatial econometric models might be influenced by the setting of the 
weight matrix. Commonly, the weight matrix can be built based on the adjacency matrix, 
the inverse distance, the transport distance, or the travel time (e.g., Bottasso et al. 2014; 
Feng et al. 2019). Since the transport distance and the travel time could be reflected by the 
transport indicators in our model, this study adopts the adjacency matrix as a substitution 
for inverse distance. Thus, the robustness test is implemented by replacing the inverse dis-
tance matrix with the adjacent matrix.

After replacing the inverse distance square matrix with the adjacent matrix in the 
SDM, the results showed that the betweenness centrality in the bus network, distance to 
subway stations, betweenness centrality in the road network, road density, housing price, 
employment, education, commercial facilities, tourist spots and healthcare all had similar 
influences on bus ridership (see Table 2). That is, the influence of these indicators on bus 
ridership was not influenced by the matrix setting. There were also some indicators with 
different influences on bus ridership after replacing the inverse distance square matrix with 
the adjacent matrix in the SDM. In the model with an adjacent matrix, the bus stations had 
a positive influence on the bus ridership on weekends and a negative influence on that in a 
week; the distance to bus stations has a negative influence on bus ridership in a week and 
daytime off-peak hours; the distance to the airport has a positive influence on bus ridership 
in a week, on weekends and weekdays, and during three-time slots; the distance to rail 
station had a positive influence on bus ridership on weekends, while financial spots had a 
positive influence on bus ridership on weekends; population and catering had a negative 
influence on bus ridership in a week, and financial spots had a positive influence on bus 
ridership on weekends. All these indicators showed different influences on bus ridership 
compared with the baseline model.

To test for potential endogeneity problems, the Hausman specification test and over-
identification are introduced. First, the Hausman specification test is employed to detect 
whether endogeneity has a significant impact on the results by comparing the estimation 
results with and without instrumental variables (IVs). If the estimations are not signifi-
cantly different, this reveals significant endogeneity that affects the robustness of the esti-
mation results. According to the data availability and indicator characteristics, the revenue 
income of each community is chosen as the IV for the population. The results of the Haus-
man test show that all the variables in our models are exogenous. Second, the over-iden-
tification test is employed to detect whether the IVs and the corresponding variables are 
strictly exogenous, and the results show that the revenue income is strictly exogenous and 
could thus be chosen as the IV for the population (Table 3). Overall, there are no endoge-
neity problems in the model.

Conclusions and discussions

This study attempted to explore the temporal and spatial dynamics and determinants of 
public transport ridership at the community level, considering the spatial autocorrelation 
and neighboring effects. The major findings of this studies can be summarized as follows:

1.	 The temporal dynamics were quite distinct on weekdays and weekends as well as at 
different time slots per day. Bus usage on both weekdays and weekends showed sta-



401Transportation (2023) 50:383–406	

1 3

Ta
bl

e 
2  

S
ho

w
s t

he
 re

su
lts

 o
f S

D
M

 u
si

ng
 th

e 
ad

ja
ce

nt
 m

at
rix

 a
s t

he
 w

ei
gh

t

Va
ria

bl
es

A
 w

ee
k

W
ee

ke
nd

W
ee

kd
ay

M
or

ni
ng

 p
ea

k 
ho

ur
s

A
fte

rn
oo

n 
pe

ak
 h

ou
rs

D
ay

tim
e o

ff-
pe

ak
 h

ou
rs

N
ig

ht
-ti

m
e o

ff-
pe

ak
 h

ou
rs

X
W

X
X

W
X

X
W

X
X

W
X

X
W

X
X

W
X

X
W

X

ln
(B

us
 st

at
io

ns
)

−0
.0

09
2*

**
0.

00
01

0.
00

23
*

−0
.0

00
1*

*
0.

00
24

**
−0

.0
00

0
0.

00
34

**
0.

00
00

−0
.0

04
2*

**
−0

.0
00

1
0.

00
02

0.
00

01
−0

.0
09

1*
**

−0
.0

00
1*

ln
(D

ist
_t

o_
bu

s 
sta

tio
ns

)
−0

.0
23

1*
*

0.
00

29
**

*
0.

03
16

**
*

0.
00

05
0.

02
34

**
0.

00
08

**
0.

02
90

**
0.

00
33

**
*

−0
.0

02
8

0.
00

28
**

*
−0

.0
23

6*
*

0.
00

22
**

*
−0

.0
17

3
0.

00
28

**
*

ln
(B

et
w

_b
us

)
0.

43
63

**
*

−0
.0

05
8*

**
0.

39
94

**
*

−0
.0

08
1*

**
0.

38
71

**
*

−0
.0

07
1*

**
0.

39
97

**
*

−0
.0

07
4*

**
0.

43
33

**
*

−0
.0

08
1*

**
0.

43
28

**
*

−0
.0

07
4*

**
0.

29
86

**
*

−0
.0

06
0*

**
ln

(S
ub

w
ay

 st
a-

tio
ns

)
−0

.0
05

9*
*

−0
.0

00
8*

**
−0

.0
02

9
−0

.0
00

2*
−0

.0
09

3*
**

−0
.0

00
5*

**
−0

.0
04

4
−0

.0
00

7*
**

−0
.0

07
0*

**
−0

.0
00

4*
**

0.
00

01
0.

00
02

−0
.0

00
3

−0
.0

00
6*

**

ln
(D

ist
_t

o_
su

b-
w

ay
 st

at
io

ns
)

−0
.0

44
9*

**
−0

.0
00

6
−0

.0
61

4*
**

0.
00

17
**

*
−0

.1
44

5*
**

0.
00

13
**

*
−0

.2
16

3*
**

0.
00

21
**

*
−0

.0
79

0*
**

0.
00

06
−0

.1
31

9*
**

0.
00

14
**

*
−0

.0
94

8*
**

0.
00

07

ln
(B

et
w

_R
oa

d)
0.

10
09

**
*

−0
.0

00
1

0.
07

85
**

*
−0

.0
01

1*
**

0.
05

91
**

*
−0

.0
00

4*
0.

07
43

**
*

−0
.0

00
3

0.
08

37
**

*
−0

.0
00

7*
**

0.
05

48
**

*
0.

00
01

0.
03

50
**

*
0.

00
05

**
ln

(R
oa

d 
de

ns
ity

)−
0.

03
49

**
*

−0
.0

00
8*

**
0.

00
24

0.
00

00
0.

00
79

−0
.0

00
1

0.
04

24
**

*
0.

00
02

0.
00

07
−0

.0
00

1
−0

.0
18

7*
**

−0
.0

00
4

0.
00

15
−0

.0
00

7*
**

ln
(D

ist
_t

o_
ra

il 
sta

tio
n)

0.
09

91
**

*
−0

.0
02

2*
**

0.
01

75
0.

00
27

**
*

0.
11

32
**

*
−0

.0
02

1*
**

0.
15

20
**

*
−0

.0
00

1
0.

14
75

**
*

−0
.0

01
8*

*
0.

04
40

**
0.

00
16

**
−0

.1
81

4*
**

0.
00

23
**

ln
(D

ist
_t

o_
 

ai
rp

or
t)

0.
02

84
0.

00
00

0.
05

96
**

*
−0

.0
00

5
0.

09
94

**
*

−0
.0

02
0*

**
0.

11
08

**
*

−0
.0

01
4*

**
0.

11
40

**
*

−0
.0

01
5*

**
0.

01
35

−0
.0

00
5*

0.
01

86
−0

.0
00

5*

ln
(H

ou
sin

g 
pr

ic
e)

0.
40

96
**

*
−0

.0
10

3*
**

0.
55

44
**

*
−0

.0
10

9*
**

0.
50

18
**

*
−0

.0
09

3*
**

0.
37

17
**

*
−0

.0
08

6*
**

0.
31

24
**

*
−0

.0
06

8*
**

0.
33

62
**

*
−0

.0
06

7*
**

0.
34

72
**

*
−0

.0
08

3*
**

ln
(P

op
ul

at
io

n)
−0

.0
38

9*
**

0.
00

07
**

*
0.

03
45

**
*

0.
00

02
0.

03
30

**
*

−0
.0

00
4*

0.
00

13
−0

.0
00

0
0.

00
41

0.
00

05
**

0.
02

45
**

*
0.

00
05

**
*

0.
01

73
**

0.
00

21
**

*
ln

(E
m

pl
oy

m
en

t)
0.

01
94

**
*

0.
00

01
0.

01
13

**
*

−0
.0

00
6*

**
0.

01
26

**
*

−0
.0

00
5*

**
0.

03
00

**
*

−0
.0

00
7*

**
0.

01
67

**
*

−0
.0

00
2

0.
01

63
**

*
−0

.0
01

0*
**

0.
02

58
**

*
−0

.0
01

2*
**

ln
(E

du
ca

tio
n)

0.
03

07
**

*
−0

.0
00

6*
**

0.
00

90
**

*
0.

00
00

0.
00

20
−0

.0
00

2*
**

−0
.0

03
8

−0
.0

00
3*

**
0.

00
83

**
*

0.
00

00
0.

00
34

−0
.0

00
0

0.
00

33
0.

00
04

**
*

ln
(C

at
er

in
g)

−0
.0

10
0*

**
−0

.0
00

1*
−0

.0
02

4
−0

.0
00

1*
0.

00
77

**
*

−0
.0

00
1*

*
−0

.0
05

0*
*

−0
.0

00
2*

**
0.

01
34

**
*

−0
.0

00
3*

**
−0

.0
05

0*
*

0.
00

01
**

0.
01

59
**

*
−0

.0
00

5*
**

ln
(C

om
m

er
ci

al
 

fa
ci

lit
ie

s)
0.

00
84

**
*

0.
00

07
**

*
0.

00
72

**
*

0.
00

04
**

*
−0

.0
01

2
0.

00
08

**
*

0.
00

39
**

*
0.

00
08

**
*

0.
00

21
*

0.
00

06
**

*
−0

.0
01

7
0.

00
06

**
*

−0
.0

00
3

0.
00

07
**

*

ln
(F

in
an

ci
al

 
sp

ot
s)

−0
.0

05
9*

**
0.

00
00

0.
00

26
*

−0
.0

00
1

0.
00

17
−0

.0
00

1*
*

0.
00

08
0.

00
02

**
*

−0
.0

03
2*

*
−0

.0
00

2*
**

0.
00

36
**

*
−0

.0
00

1*
−0

.0
00

9
−0

.0
00

4*
**



402	 Transportation (2023) 50:383–406

1 3

Ta
bl

e 
2  

(c
on

tin
ue

d)

Va
ria

bl
es

A
 w

ee
k

W
ee

ke
nd

W
ee

kd
ay

M
or

ni
ng

 p
ea

k 
ho

ur
s

A
fte

rn
oo

n 
pe

ak
 h

ou
rs

D
ay

tim
e o

ff-
pe

ak
 h

ou
rs

N
ig

ht
-ti

m
e o

ff-
pe

ak
 h

ou
rs

X
W

X
X

W
X

X
W

X
X

W
X

X
W

X
X

W
X

X
W

X

ln
(T

ou
ris

t s
po

ts)
0.

00
66

**
*

0.
00

01
0.

00
43

**
*

0.
00

01
0.

00
94

**
*

−0
.0

00
2*

**
0.

00
27

*
−0

.0
00

2*
**

0.
00

23
*

0.
00

00
0.

00
65

**
*

−0
.0

00
3*

**
0.

00
62

**
*

0.
00

00
ln

(H
ea

lth
ca

re
)

0.
00

65
**

*
−0

.0
00

5*
**

0.
00

72
**

*
−0

.0
00

6*
**

0.
01

28
**

*
−0

.0
00

6*
**

0.
01

10
**

*
−0

.0
00

5*
**

0.
00

48
**

*
−0

.0
00

5*
**

0.
02

08
**

*
−0

.0
00

5*
**

0.
01

12
**

*
−0

.0
00

8*
**

W
Y

0.
01

51
**

*
0.

01
76

**
*

0.
01

65
**

*
0.

01
72

**
*

0.
01

72
**

*
0.

01
53

**
*

0.
01

91
**

*
Co

ns
ta

nt
1.

16
01

**
*

−0
.6

62
3*

*
0.

54
59

**
−0

.3
77

7
−0

.6
65

7*
*

−0
.1

83
8

−0
.7

26
5*

*
O

bs
er

va
tio

ns
28

24
28

19
28

34
28

40
28

62
27

58
28

29
R−

sq
ua

re
d

0.
83

19
0.

78
64

0.
82

47
0.

78
24

0.
76

50
0.

85
35

0.
74

49

**
* 

p <
 0.

01
, *

* 
p <

 0.
05

, *
 p

 <
 0

.1



403Transportation (2023) 50:383–406	

1 3

tionarity patterns with two commuting peaks in the morning (6:30–10:00) and evening 
(16:30–20:00). The total bus ridership during peak hours on weekends was much lower 
than that on weekdays. The total bus ridership during off-peak hours on weekends was 
slightly higher than that on weekdays.

2.	 The communities with high bus ridership were mostly located near the CBD, transport 
hubs, and residential areas on both weekends and weekdays and across different time 
slots during weekdays. Moreover, 91.87% of communities had higher travel demand 
on weekdays than on weekends, and most of the communities had higher bus ridership 
during morning peak hours than during afternoon peak hours on weekdays. The com-
munities with higher travel demand on weekends were mostly located in tourist spots 
(i.e., South Luogu Lane, Tian’an Men, Happy Valley, Longtan Park) and some industrial 
parks.

3.	 The impacts of each determinant varied across weekends, weekdays, and the different 
time slots on weekdays. The betweenness centrality in both the bus network and road 
network, distance to the rail stations, employment, and healthcare generated a larger 
influence on bus ridership on weekdays than on weekends, while the distance to subway 
stations, road density, housing price, population, education, catering, and commercial 
facilities generated a larger influence on weekends than on weekdays. The subway sta-
tion density, distance to subway stations, betweenness centrality in the road network, 
road density, distance to the airports, population, catering, financial spots, and healthcare 
generated a larger influence on bus ridership at morning peak hours than at the other 
time slots. The betweenness centrality in the bus network and employment generated 
a larger influence on bus ridership during afternoon peak hours than during the other 
time slots.

4.	 The bus ridership of a community was impacted by factors of its neighbors, as reflected 
in the highly significant spatial autocorrelation effect. For example, the density and dis-
tance to subway stations, to the airport, and rail stations of the community’s neighbors 
had a positive influence on bus ridership on both weekdays and weekends. Hence, the 
farther a community’s neighbors were located from subway stations, airports, and rail 
stations, the higher the bus ridership of a community. The housing price and between-
ness centrality in both the bus network and road network of the communities’ neighbors 
generated a negative influence on bus ridership.

This study can be fruitfully extended along several avenues. First, this paper explores 
the temporal and spatial dynamics of bus ridership using the aggregate data of each 

Table 3   Results of over-identification test

A week Weekend Weekday Morn-
ing peak 
hours

Afternoon 
peak hours

Daytime 
off-peak 
hours

Night-time 
off-peak 
hours

chi2(35) 1.36 0.76 1.36 2.38 1.40 0.35 0.09
Prob 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
Sargan N*R-sq test 0.754 0.615 1.218 5.905 0.189 1.863 0.538
Chi-sq(1) P-value 0.3852 0.4330 0.2697 0.0152 0.6634 0.1723 0.4631
Basmann test 0.745 0.607 1.204 5.843 0.187 1.841 0.532
Chi-sq(1) P-value 0.3881 0.4359 0.2726 0.0156 0.6653 0.1749 0.4659
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community in Beijing, instead of using the origin to destination linked transit trips between 
the boarding and alighting stations, which could reflect the flow characteristics between 
stations. Future studies are expected to investigate the temporal and spatial dynamics of 
the origin to destination linked transit trips. This is particularly relevant in the context of 
bus schedule arrangement and public transport planning. Second, while this paper explored 
the temporal and spatial dynamics of bus ridership and its determinants at different time 
slots using a global model, the local effects of the determinants using the geographically-
weighted regression (GWR) on bus ridership are not considered. This topic deserves a pro-
found study in the future. Third, this paper only considers the available indicators at the 
community level, resulting in that some of the unavailable data of the key determinants of 
bus ridership might not be considered. Empirical evidence (e.g., Kuai and Wang, 2020) 
suggested that the indicators at a larger spatial scale than the community level (e.g. study 
area) could be used as the alternative indicators of the unavailable data, and the semi-par-
ametric geographically-weighted regression (SGWR) could reveal the effects of both the 
global and local factors on the public transit ridership. It is of our interest to examine the 
influence of the unavailable key determinants on bus ridership.

Policy implications

Several important policy implications for increasing bus ridership and transport planning 
in Beijing. The first implication is generated from the temporal and spatial dynamics of bus 
ridership. In this study, the hot areas and peak hours of bus ridership were detected. Spe-
cifically, the bus ridership was mainly concentrated during the morning and afternoon peak 
hours on the weekday and is located near the CBD, transport hubs, and residential areas. It 
might be necessary to dynamically adjust the bus schedule by increasing the number of bus 
services during peak hours and at the hot areas for increasing bus usage.

Secondly, it might be significant to improve the transferring efficiency of the transport 
network and to increase the transport supply at the communities with high social-economic 
and built environment attributes for increasing bus ridership. The betweenness central-
ity in both road and bus networks, which reflects the inter-change role or the transferring 
efficiency of a community in the transport network, had generated a positive influence on 
bus ridership at all the selected time slots. This implies that improving the inter-change 
role of a community in the transport network, especially in road networks might increase 
bus usage. The positive influence of housing price, employment, and population on bus 
ridership means that the increase in these social-economic indicators might induce more 
demand for bus services, and then more supply for bus services. The induced demand for 
bus services in the communities with high housing prices, employment, and population 
should be considered in comprehensive transport system planning, especially public trans-
port planning.

The third implication could be derived from the significant influence of spatial lag on 
bus ridership. The negative influence of the attributes of its neighbors on a community’s 
bus ridership revealed that the improvement in the transport endowment of a community’s 
neighbors might largely reduce its transport demand. This implies that improving the trans-
port endowment of a community’s neighbors might be an effective role to reduce its bus 
crowing and induce more travel demand for bus services.
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