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ABSTRACT 

In recent years, Chinese cities have experienced great improvement in urban public 

transportation infrastructure, and transit-oriented development (TOD) has been 

extensively recognized and implemented. Understanding the relationship between rail 

transit, built environment and rail transit ridership can help better understand and assess 

the developmental outcomes of TOD, which benefits sustainable urban development in 

the future. Unfortunately, existing studies mainly adopt cross-sectional approaches, 

resulting in fragmented knowledge gained from each empirical piece. In addition, cross-

sectional designs ignore the fact that the built environment around rail stations and 

ridership vary under different temporal contexts and change over time. Thus, 

longitudinal studies on the built environment around metro station evolution and its 

impact on rail transit ridership are imperatively needed. 

This study fills this research gap by conducting longitudinal research designs using built 

environment data and metro ridership data over a five-year period. Specifically, multi-

source spatiotemporal big and non-traditional data (e.g., metro card data, mobile phone 

signal data, and points of interest) are used to measure the fine-scale built environment 

at the station level. As a result, it provides a comprehensive spatiotemporal picture of 

the built environment evolution around metro stations, as well as the impact of dynamic 

built environment changes on rail transit ridership after new metro lines become 

available. By extending research on the built environment and ridership from cross-

sectional approaches to a longitudinal approach based on big and non-traditional data, 

this study identifies new directions for future TOD research design and implementation. 

Three empirical studies were conducted to examine the built environment and metro 

ridership over the period from 2015 to 2019 in Shenzhen, China. Findings including 

that firstly, the built environment around new metro stations developed significantly 

faster than that in traditional town centers and became new growth poles for the city. 

Secondly, urban subcenter and suburban areas were deeply affected by the opening of 

metro lines, which would deliver a significant clustering effect on the built environment 
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around their stations. Thirdly, the metro ridership is significantly influenced by the 

densities of permanent residents, restaurants and health care facilities around such 

stations after the new metro lines became available. Fourthly, such built environment 

has different influences on ridership between morning/evening peak hours and off-peak 

hours on weekdays and weekends. 

The results of the thesis make a contribution to better understanding of influence on rail 

transit on the changes of built environment around the station and the evolution of 

ridership over time from a longitudinal perspective. The findings provide valuable 

empirical evidence for urban planners and policy makers to encourage TOD strategy in 

different urban areas. 

Keywords: TOD, built environment, ridership, evolution, big and non-traditional data 
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Chapter 1   Introduction 

1.1 Research Background 

1) The problem of the Automobile-Oriented Development (AOD) 

With the rapid economic development of China, the urbanization process has been 

continuously accelerated by constantly expanding city sizes, with an ever increased rate 

of motorization (Zhang, 2007; Li et al., 2019). In 2020, China surpassed the United 

States to turn into the world’s largest country in terms of car ownership, as well as the 

world’s largest automobile producer and seller (Ministry of Public Security of China, 

2020). In fact, by the end of 2021, the number of cars owned in China had 395 million 

(Ministry of Transport of China, 2021). However, the rapid growing ownership of cars 

and the urban development based on Automobile-Oriented Development (AOD) model 

have created an increasing number of urban problems, such as aggravated traffic 

congestion, increased travel cost and time, low urban land use efficiency, and more 

severe air pollution (Huang & Wey, 2019).  

2) The concept of TOD 

Since the 1990s, the New Urbanism has been proposed in the United States, in order to 

address the above mentioned urban problems resulting from AOD strategy practice 

(Calthorpe, 1993; Cervero & Kockelman, 1997). Many researchers and urban planners 

have refocused their efforts on the development of public transport. For example, Peter 

Calthorpe (1993) proposed the transit-oriented development (TOD) strategy, 

advocating public transportation priority and use of public transport, instead of private 

cars, to promote the integrated development of public transport facilities and efficient 

land use. The core idea of the TOD strategy is to make use of the high-density and 

diversified mixed development of land use around public transport stations to establish 

a compact urban morphology by making the best of public transport (Cervero & 

Kockelman, 1997; Ratner & Goetz, 2013; Niu et al., 2019). This strategy aims to create 
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a humanized living and employment space, so as to attract residents to live and work in 

communities around public transport stations (Zhang, 2007), thereby shortening the 

commuting distance (Zhang & Lin, 2011) and encouraging people to adopt green public 

transport means, instead of taking private cars (Delpirou et al., 2016; van Lierop et al., 

2017). Therefore, based on TOD strategy, exploring the integrated development of 

public transport and land use has great significance for promoting the green and 

sustainable development of urban space, as well as providing positive policy 

implementation support for urban planners and decision makers. 

3) The implication of TOD around the world and in China  

The TOD strategy has been widely practiced worldwide since its first application in the 

United States in the 1990s. In past studies, there were not only cases in cities in 

developed countries (Curtis, 2008; Ratner & Goetz, 2013; Nasri & Zhang, 2014; Singh 

et al., 2014; Papa & Bertolini, 2015), but there were also numerous cases in cities in 

developing countries (Mu & Jong, 2012; Guerra, 2014; Monajem & Ekram Nosratian, 

2015; Rodriguez et al., 2016; Motieyan & Mesgari, 2017; Pongprasert & Kubota, 2019). 

As the TOD strategy is successfully applied in cities across the world, China’s cities 

have also implemented the “public transport priority” strategy on a large scale since 

this strategy began to be introduced into China in 2000s (Zhang, 2007; Zhou, 2016). 

TOD is considered one of the important strategies to achieve sustainable urban growth, 

and many urban public transport system networks with metro systems as the core have 

been built up in major cities, including Shenzhen (Wang et al., 2019; Yang et al., 2016, 

2020), Beijing (Lyu et al., 2016) and Wuhan (Su, et al., 2021). As a result, 269 urban 

rail transit lines had been put into operation in 51 cities in China by December 31, 2021, 

with an operation mileage of 8,708 km and a total of 4,681 stations, forming the world’s 

largest urban metro system. The annual passenger ridership has reached 1.8 billion 

(Ministry of Transport of China, 2022). Additionally, according to China’s 

transportation plan, it will continuously expand the urban rail transit system, expecting 

to supply new operation mileage of 3,000 km by 2025 (Ministry of Transport of China, 

2022). It is revealed that with the expansion of urban rail transit in China, a large 
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number of public facilities and places begin to be gathered around public transport 

stations, with massive amounts of TOD communities appearing in cities, thus delivering 

a positive influence on the travel choice of green travels and the implementation of 

green development of cities (Zhang & Lin, 2011; Lyu et al., 2016; Tong et al., 2018; 

Zhao et al., 2018). Different from European and American countries with stable urban 

environment, China is in a rapid urbanization stage. Its` built environment is undergoing 

unique and drastic changes (Li, et al., 2019a). In addition, Chinese people prefer to use 

public transportation in cities which is different than American context (Wang & Lin, 

2014; Yang, et al., 2020). Therefore, the performance of TOD implementation in China 

deserves further examination. 

4) The impact of TOD on the built environment  

The built environment around the metro station has been considered as one of the main 

influencing factors by the TOD strategy (Huang & Wey, 2019; Rodríguez & Kang, 

2020). The built environment including land use, buildings and road networks along 

rail transit lines has been upgraded and renewed since the opening of urban rail transit 

systems (Curtis, 2008). Numerous empirical studies have found that the built 

environment around the station has become high-density development (e.g., Ratner & 

Goetz, 2013) that is diversified (e.g., Niu et al., 2019) with pedestrian-friendly 

environments around urban rail transit stations (e.g. Xue et al., 2012). It also increases 

the accessibility to destination (Papa & Bertolini, 2015) and decrease the distance from 

commercial and public facility to public transit station (Stojanovski, 2020). Different 

case research also pointed out significant distinctions in the features of built 

environment between stations in different areas (Higgins & Kanaroglou, 2016; Lyu et 

al., 2016; Niu et al., 2019), for example, between urban center stations and suburb 

stations (Huang et al., 2018). Thus, to fully understand the TOD’s impact on the built 

environment, transport research should investigate the spatial heterogeneity of the built 

environment. 
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5) The impact of the built environment on ridership  

Additionally, the relationship between the built environment and metro ridership has 

also become a research focus in recent years. For example, it is found that employment 

density can make a positive contribution to ridership (Berawi, et al., 2020), and that 

density of educational facilities and shopping centers is also significantly related to 

ridership (Zhao, 2013). Nevertheless, it has also been reported that the diversity of the 

built environment around metro stations has a significant impact on ridership (Sung & 

Oh, 2011; Jun, 2015). These findings demonstrate that the built environment is 

considered to be one of the main factors affecting rail transit ridership (Jun et al., 2015; 

Kim et al., 2016). 

6) The longitudinal study of the built environment and ridership  

However, most of the existing research on the impact of TOD on the built environment 

and ridership are mainly based on static characteristics with cross-sectional data, 

ignoring that the built environment around stations is constantly changing (Mu & Jong, 

2012; Monajem & Ekram Nosratian, 2015; Lyu et al., 2016). In order to evaluate the 

process of TOD`s impact on the built environment around station more accurately, some 

scholars use longitudinal research designs to reveal the long-term changes of the built 

environment. Findings have shown that after metro opening, the density of residents 

around metro stations has increased (Guerra, 2014), while the floor area ratio (FAR) 

has also risen (Wang et al., 2019) and confirmed the metro transit played an important 

role in land development (Yang et al., 2016). These studies suggest that the impact of 

rail transit on built environment may be inaccurately measured, if the temporal 

heterogeneity issue, both short term (in a week) and long-term (across years) in the 

impact of rail transit on built environment is neglected (Shao et al., 2020). Though this 

issue has been noted and examined by a few scholars, but researchers mainly adopt 

two-phase data. How the built environment around stations evolves before and after the 

new metro line opening, and how does built environment around metro station influence 

metro ridership over time with different temporal resolutions such as peak hours, off 

peak hours remain unknown from existing studies (Zhou et al., 2019). Consequently, 
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the current understanding on TOD and its dynamic impact on built environment and 

ridership is inadequate, due to the lack of comprehensive longitudinal spatial-temporal 

analyses (Ibraeva et al., 2020) such as natural experiment approach (Zhou et al., 2020). 

7) The big and non-traditional data at station level 

The inadequate findings of the existing research on the evolution of built environment 

and its impact on ridership may stem from the difficulties of collecting data from 

traditional data sources such as the statistical yearbook (Atkinson-Palombo & Kuby, 

2011) and traffic surveys (Guerra, 2014), which are updated slowly, have a small 

sample size, and have a large statistical scale (Zhou et al., 2018). The recent emergence 

of big and non-traditional data could solve these disadvantages, support longitudinal 

analyses. A large number of studies have verified that emerging big data (such as mobile 

phone signaling data and metro smart card data) and non-traditional data (such as points 

of interest and open street maps) can contribute to more detailed spatial information on 

buildings, roads and transport facilities (An et al., 2019; Pan et al., 2017; Zhou et al., 

2018, 2019, 2020). The emergence big and non-traditional data allows scholars to 

continuously track the fine-scale built environment at the station level (Shao, et al., 

2020). The abovementioned advantages of big and non-traditional data are therefore, 

imperatively needed to better understand the long-term relationship between station 

level built environment and metro ridership, with refined spatial measurements over 

extended temporal scales. 

1.2 Research Objective and Research Question 

In view of this background, in order to fill up the above gaps in the existing research 

and provide policy implication suggestions on the development of TOD for urban 

planners and policy makers, this study would make exploration in the following three 

aspects: 

(1) To compare the changes in the built environments of the surrounding areas of new 

metro line stations with that of the traditional town centers along highways. 
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(2) To explore the evolution of fine-scale built environment of the surrounding areas of 

stations soon after the new metro line started operation. 

(3) To examine the impact of the dynamic built environment in station surrounding area 

on the changes in rail transit ridership. 

Specifically, based on a longitudinal research design from the perspective of TOD, as 

well as multisource spatiotemporal big data and non-traditional data, this study would 

focus mainly on the following 5 research questions: 

(1) After the opening of a new metro line, will the built environment of the station 

surrounding area develop differently from that surrounding traditional town centers 

along highways?  

(2) Is there any spatiotemporal heterogeneous between stations in terms of influence of 

new metro lines’ opening on the built environment of stations surrounding area? 

(3) How the built environment of station surrounding area evolve over the years after 

the new metro line started operation? 

(4) How does the station wide built environment influence metro ridership and how 

such influence evolve over the early years after a new metro line started operation? 

(5) Is there any difference in the impact of the built environment on ridership between 

different periods of time on weekdays and weekends? 

From academic point of view, this study enriches the literature on the built environment 

and ridership by providing new perspectives and findings. With a dynamic perspective 

of “before and after”, it supplements the previous static perspective research design 

based on cross-sectional data, highlighting the temporal changes in the relationship 

between rail transit-built environment and ridership. The findings of this study provided 

new empirical evidence for TOD research under the background of the rapidly 

developing high-density cities in China and helps identify the changes in built 

environments in the context of rapid urban development. 
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1.3 Organization of the Thesis 

This thesis is organized in three parts (Figure 1.1). Chapter 2 systematically reviews the 

relevant literature to identify the research gaps to be filled by this study, summarizes 

past theoretical study frameworks and case studies on TOD, the built environment, and 

ridership, and introduces recent longitudinal study designs and non-traditional data-

based studies. 

Chapter 3 expounds the theoretical framework, design and methods of this study, as 

well as the framework of this paper, and systematically introduces the characteristics of 

the case study and the sources of non-traditional and big data used in this study. Finally, 

it briefly introduces the analysis methods, such as DID, several typical spatial analysis 

methods and the panel regression model. 

Chapter 4 compares the changes in the surrounding area of the station and traditional 

administrative and commercial town centers before and after the opening of the line 

using the DID method to explore whether the development of the built environment 

around the station will be faster than that of the traditional town center and whether the 

metro station will become a new growth pole of the city based on the panel data of 

Shenzhen Metro Line 11 (2015-2019). Furthermore, the spatial differences between 

urban centers and suburbs are discussed separately. 

Chapter 5 adopts the TOD 5D model to depict different spatiotemporal evolution 

characteristics of the built environment around the new stations after the opening of the 

new line. The hierarchical clustering method is used to analyze the differences between 

stations, and gravity center shift analysis, direction distribution analysis and gradient 

analysis are conducted to clarify the changes in density, diversity and distance to public 

transit stations. 

Chapter 6 uses smart card swiping data from Shenzhen Metro (2016-2019) and the non-

traditional panel data of the built environment and the panel regression method to 

explore the dynamic relationship between different built environment variables and 

ridership. The boarding and alighting ridership in morning/evening peak hours and off-
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peak hours on weekdays and weekends are discussed. 

Chapter 7 summarizes the case studies, discusses the policy implications, and points 

out the limitations of the current study and possible orientations for future research. 

 

Figure 1.1 Organization of the thesis 
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Chapter 2   Literature review 

This chapter comprehensively reviews the status of existing studies and justifications 

of the impact of transit-oriented development (TOD) on the built environment and rail 

transit ridership. In addition, it summarizes the empirical findings and the latest 

research methods and data used in relevant studies. It also points out some research 

gaps that will be filled. 

2.1 The Impact of TOD on the Built Environment 

2.1.1 The influence characteristic of TOD on the built environment 

In recent decades, a growing literature has examined the impact of TOD strategy (Zhang, 

2007; Niu et al., 2019; Ibraeva et al., 2020; Rodríguez & Kang, 2020; Su et al., 2021). 

Examined recent major research of TOD impact, it can be classified into five themes 

including travel behavior (e.g., Nasri & Zhang, 2014; Pan et al., 2017), urban form (e.g., 

Zhang et al., 2019), property value (e.g., Kay et al., 2014; Mulley & Tsai, 2016; 

Rodriguez et al., 2016), sustainable development (e.g., Gu et al., 2019; Huang & Wey, 

2019) and built environment (e.g., Guerra, 2014; Stojanovski, 2020). Table A1 in the 

Appendix A summarizes the empirical studies on the impact of TOD in the last decade.  

The impact of TOD strategy on the built environment has become a focus for 

researchers in recent years. Built environment is the environment created by human 

beings in a city, mainly including three sub-items: land use, transportation system and 

building (Huang & Wey, 2019; Li, et al., 2020). In the 1990s, most researches focused 

on the impact of rail transit on built environment with a single index (e.g., population, 

land use type), and lacked a systematic analytical framework that measured the features 

of the built environment (Cervero, 1991). Cervero and Kockelman (1997) were the first 

to propose a 3D (Density, Diversity and Design) model to measure the impact features 

of rail transit on the built environment with a framework. Ewing & Cervero (2010) later 

expanded this model into a 5D model that added destination accessibility and distance 
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to public transit. Most research then used this model to analyze how transit impacts on 

the built environment.  

Density is the one of the most important research indicators. Previous research usually 

addressed the built environment by referring to the indices of population (Monajem & 

Ekram Nosratian, 2015), commercial (Rodríguez & Kang, 2020), and facility (Ganning 

& Miller, 2020) density. For instance, Ratner & Goetz (2013) found that the household 

and population density around the rail transit station significantly exceed average values 

in the region, which is conducive to avoiding disorderly urban expansion. With the 

TOD strategy, land use around station is encouraged to be shifted from single purpose 

to multiple purposes (Cervero & Kockelman 1997) and therefore researchers also focus 

on diversity of station built environment. For example, Niu et al. (2019) found the 

mixed entropy index of land use around Singapore MRT stations was significantly 

higher than the comparable index in non-TOD areas. The establishment of commercial 

facilities, parks and open facilities around the stations increased the diversity of the 

surrounding built environment and encouraged more residents to carry out their life 

activities around the stations. TOD strategy also encourages walkable design (Hurst & 

West, 2014). Researchers reported that TOD strategy guides the building environments 

around station areas away from auto-oriented designs toward pedestrian-oriented 

designs and reducing vehicle miles traveled (VMT), which promotes residents to live 

and work around the station (Nasri & Zhang, 2014). The built environments around 

station areas are also likely to be transformed from private spaces to higher-quality 

public spaces and neighborhood activity infrastructure (Xue et al., 2012). Similarly, 

reducing the amount of time and distance required to travel to a destination is one of 

the most important goals of mass public transit construction (Papa & Bertolini, 2015). 

Lyu et al., (2019) demonstrates that TOD helps increase the density of education, health, 

and cultural departments around the station, which positively contributes by improving 

the destination accessibility. Some studies also express concern about the distance from 

public transit stations to facilities. Stojanovski (2019) shows that the planning of the 

TOD strategy reduces the distance from commercial and public spaces to public stations, 
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which are smaller than the normal walking radius in the non-station area. Improving 

the walkability of facilities may also increase the number of jobs and activity intensity 

(Monajem & Ekram Nosratian, 2015).  

Despite extensive empirical research on the influence of TOD on built environment, 

some studies shows that this impact is context dependent. The main study cases are still 

in European and American cities (Delpirou et al., 2016). American scholars were the 

earliest to research TOD, focusing mainly on problems caused by automobile-oriented 

development, such as the decline of central areas, traffic jams, and environmental 

pollution, and proposing solving such problems by TOD through the revitalization of 

public transportation (e.g., Chakraborty & Mishra, 2013; Luscher, 2012; Nasri & Zhang, 

2014). European scholars paid more attention to the role of TOD as an urban renewal 

model for traffic system optimization due to their limited urban scale and developed 

public transportation networks (Singh et al., 2014; Papa & Bertolini, 2015; Huang et 

al., 2018; Stojanovski, 2019). The actual TOD effect in different cities varies due to 

differences in urban spatial structure, socioeconomic characteristics, and infrastructure 

development level (Loo et al., 2010; Ibraeva et al., 2020). Therefore, TOD does not 

have a completely uniform set of principles and criteria. It should be studied according 

to the actual local conditions. 

In recent years, more and more studies have concerned on TOD implications in Chinese 

cities. As revealed by these studies, in contrast to Western cities that have steady urban 

environments, Chinese cities are undergoing fast urbanization, the urban spatial 

structures are undergoing unique drastic changes, and the urban space is still expanding 

constantly (Wang et al., 2019; Zhao et al., 2018). Chinese cities have quite different 

urban scales, population densities, and development intensities than Western cities. The 

urban spatial layout of the traditional community has the characteristics of high density 

and diverse land development (Wang et al., 2019). China’s gregarious living 

characteristics are also a cause of high-density development in new urban districts (Mu 

& Jong, 2012). Furthermore, compared with European and American cities, Chinese 

urban residents have a low car ownership rate and a strong preference for public 
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transportation (Wang & Lin, 2019). Hence, previous findings in other countries may 

not be appliable in China. More China context research is needed. 

2.1.2 The spatial heterogeneity of the impact of TOD on the built environment 

Previous empirical research found that the impact of rail transit on the built environment 

has spatial heterogeneity (Higgins & Kanaroglou, 2016; Kong et al., 2019) which 

differs across spatial areas at different levels, such as different regions (regional level) 

(Singh et al., 2014) and different types of cities (urban level) (Curtis, 2008; Ratner & 

Goetz, 2013; Motieyan & Mesgari, 2017; Li et al., 2019). Rail transit stations are 

located in different areas of a city, but the spatial difference between different station 

locations in a city cannot be identified if the region or city are treated as a single study 

area (Lyu et al., 2016). And this is the reason why some researchers began to focus on 

the study of how stations in different parts of a city vary in terms of their impact on the 

built environment. Some studies paid attention to the different impacts of rail transit 

between urban centers and suburbs. For example, Huang et al., (2018) have conducted 

TOD potential clustering analyses based on population, job, business density, land-use 

diversity, and length of bicycle networks in Arnhem Nijmegen, Netherlands. It was 

found that TOD station in suburban is characterized by low population and job density; 

TOD station in urban center is characterized by low destination accessibility and low 

land use diversity. The urban mixed core has higher density of employment, population 

and high land use diversity. By calculating the TOD index based on the node-location 

model, Li et al. (2019a) found that the TOD index of Shanghai metro stations decreased 

significantly from the city center to the city suburbs. By taking similar method, Higgins 

& Kanaroglou (2016) studies TOD types in Toronto in 3D models, finding that stations 

with higher TOD levels were concentrated in the urban core, while the suburb stations 

could hardly be classified as TOD. Guerra (2014) found that after the metro line was 

extended in Mexico City, the residential density around suburban stations increased 

significantly but that the city center showed no significant change. Zhang et al. (2019) 

identified that the TOD regions in a city were highly unbalanced and presented a 

multilayered structure; they also found downtown was the main ‘hot spot’ region and 
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that land development in marginal areas showed high potential.  

More recent research has explored the spatial heterogeneity of the impact of TOD on 

built environment at finer spatial scales, such as station-level. For instance, Lyu et al. 

(2016) point out that a simple urban center-suburb classification cannot fully observe 

the differences of spatial characteristics between different stations. They used a node-

place model to divide Beijing subway stations into six groups. The clustering results 

demonstrate that the stations in the central urban areas deliver higher scores in terms of 

functional density and diversity, while the stations in the outer urban areas deliver lower 

scores. However, stations in the same area also showcase different characteristics. 

Atkinson-Palombo & Kuby (2011) investigated the station-level residential population 

characteristics of TOD area in Metropolitan Phoenix, Arizona, and found that the 

employment condition of stations in different locations is different. The station which 

covered by middle-income job and lower-income job distributed in different parts of 

the city. 

However, in current studies, the station-level built environment has been discussed by 

referring to cross-sectional data. The built environment around the station is not static 

and unchanging, and cross-sectional data cannot reflect dynamic changes in the built 

environment but rather static features at a particular point in time (Zhao et al., 2018). 

There is lack of longitudinal data that can be used to study the station-level spatial 

heterogeneity of dynamic change features in the built environment around station after 

its opening. 

2.1.3 The evolution of the impact of TOD on the built environment 

Although many studies have focused on TOD strategy impact on the built environment, 

few have addressed the evolution of the built environment around the metro station. 

Some researchers used qualitative or quantitative analysis to study the evolution of the 

built environment in station surrounding areas. For example, Curtis (2008) used a 

qualitative analysis to review TOD planning strategies implementation process in 

Perth`s new railway corridor and found that the TOD strategy positively affected the 
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integration of urban rail transit and land use in a low-density city. Guerra (2014) used 

quantitative analysis to compare land use data from six years before and seven after the 

extended metro line B operation in Mexico City. The results revealed that the residential 

density around the station increased after the new metro line opened. Zhou & Yang 

(2021) used big and open data (BOD) in 2014 and 2017 to explore the impact of bus 

accessibility on urban development. It found that metro-based accessibility (measured 

by the average time to the central business districts) had a greater impact on urban 

development than bus-based accessibility. But they only used quasi-longitudinal data 

with two phases of data. These data were collected across a large time interval, making 

it difficult to observe how rail transit continuously impacted on the built environment.  

Very few studies have studied the impact by referring to long-term continuous data. 

Yang et al., (2016) used land transaction data from 2000 to 2014 in Shenzhen and found 

that governments can reduce construction costs and generate more revenue from future 

land transaction by plan new metro lines and station in relatively undeveloped areas (or 

bypassing built-up areas). Similar research by Zhao et al., (2018). They used land 

transaction data set of Beijing from the period 2008-2015 to study land transaction 

volume, land use types and intensive degree around the metro stations, both before and 

after their construction. The results showed that although the newly transferred land 

lots were mainly concentrated around metro stations, Beijing’s metro development and 

land use type were not highly integrated because of institutional barriers (e.g., revenue-

oriented land development). The results also showed that longitudinal data can better 

reveal changes and interrelations related to transit infrastructure and land use. However, 

built environment studies using long-term continuous data are still lacking. 

2.1.4 The spatial evolution of the impact of TOD on the built environment at 

station level  

The spatial heterogeneity of the impact of TOD on the built environment is not only 

between stations, but also between different distance to public transit station. According 

to the core-periphery theory proposed by Friedman (1966), the change in spatial 
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structure can be interpreted as the interaction between agglomeration and diffusion 

(Wang et al., 2018; Lu & Fu, 2009). However, the dynamic spatial variation such as 

agglomeration and diffusion effect can only be observed by using long-term continuous 

data with longitudinal research design (Xu et al., 2016). Therefore, after the opening of 

rail transit, different arguments exist regarding whether the variables will agglomerate 

or diffuse spatially. Shao et al. (2017) found that after the high-speed rail transit station 

opened, central polarization would form around the station, and public services 

industries would gather at the station. Deng et al., (2020) tested the impact of high-

speed rail opening on urban spatial expansion, finding that the high-speed rail has 

significantly facilitated the expansion of urban space in China. Other studies revealed 

that the agglomeration of life service businesses with high profitability and demand for 

visitor flow rates at high-speed rail stations caused increases in land rent, leading to the 

diffusion of the manufacturing industry from the station area (Zhou & Zhang, 2021). 

But most recent studies focus on the high-speed rail stations and less study paid 

attention on urban rail transit station such as metro. The only two research that uses 

longitudinal design by Shenzhen building census data on 2008 and 2014 has shown that 

the FAR within 2,000m of the station has significant spatial gradient variation. When 

the distance to the station was shorter, the FAR was higher, and vice-versa (Wang et 

al., 2019). And the relationship between land development intensity and distance to 

metro stations had been investigated. Finding shown that distance to the metro station 

has a threshold effect on development intensity (Yang et al., 2020a). But these two 

researches only adopted two phases of data. Existing research on spatial gradient 

variation that draws on long-term continuous data only focuses on the question of how 

the gradient impacts of rail transit impacts on residential property (Kay et al., 2014) and 

commercial property value (Xu et al., 2016). The role of the agglomeration effect in the 

spatial evolution of the built environment at station level have not been sufficiently 

researched.  
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2.2 The Impact of the Built Environment on Ridership 

2.2.1 Relationship between the built environment and ridership 

The built environment, as the main external factor, was found to have an impact on 

public transport ridership in a large number of studies (Jun et al., 2015; Kim et al., 2016; 

Sun et al., 2016; Li, et al., 2020; Shao et al., 2020). Variables such as population, land 

use, building, and transport facility have been widely applied to describe the built 

environment (Handy et al., 2002.; Pan et al., 2017). To explore the relationship between 

public transport ridership and the built environment, different built environment 

variables and measurement methods have been selected in various research designs and 

contexts. In past studies on the built environment, the TOD model proposed by Cervero 

& Kockelman (1997) has become the main basis for measuring the built environment 

and has been widely applied in built environment studies (Loo & du Verle, 2017; 

Ibraeva et al., 2020; Knowles et al., 2020). The TOD model offers a measurement 

framework of the built environment features for public transport stations from the 

perspectives of density, diversity, and design (Cervero & Kockelman, 1997). Most 

research has found that the density factors of the built environment are related to public 

transit ridership. For example, Berawi et al., (2020) found that employee density 

contributed the most to ridership and that ridership could be increased by 55% by 

adding the density of hotels and retail facilities in Jakarta. Zhao (2013) found that the 

density of the population, education facilities, entertainment venues, and shopping 

malls were significantly correlated with the ridership of metro stations. The evidence 

from Seoul demonstrates that the density of population, employment density, and 

transfer facility have a positive impact on ridership (Jun et al., 2015). In addition, 

studies have found a relationship between the diversity factors of the built environment 

and ridership. Guzman & Gomez Cardona, (2021) found that mixed land use could 

improve the ridership of BRT in Bogotá. The same results have also been verified in 

Seoul. Jun et al. (2015) and Sung & Oh (2011) found that a high land use mix index 

was significantly associated with high ridership. Other researchers further compared 
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ridership in central areas and subcentral areas and found that ridership in subcentral 

areas was mainly affected by diversity (Lee et al., 2013). Design variables such as road 

length, bus route, bicycle parking, and riding (P&R) space were proven to be 

significantly correlated with the ridership of stations (Sung & Oh, 2011; Chen et al., 

2019; Gan et al., 2020; Li, et al., 2020). 

To date, most of studies only partially examined the built environment and ridership 

relationship by only addressing one or two perspectives of built environment in their 

research designs. For instance, Guzman & Gomez Cardona, (2021) and Berawi et al., 

(2020) only examined the density built environment factors for metro ridership in 

Bogota and Jakarta. Jun et al., (2015) examined how density and diversity factors are 

related to ridership in Seoul. (Chen et al., 2019; Gan et al., 2020; Zhao & Cao, 2020) 

examined density and design factors for ridership in different Chinese cities. The 

fractional measurement of built environment is partially due to data availability. Since 

many studies are based on data sources such as census data and travel survey (Sung & 

Oh, 2011; Kim et al., 2016; Gan et al., 2020; Guzman & Gomez Cardona, 2021), these 

studies are suffering from incomplete rough measurement for built environment. With 

the emergence of big data approach in geo-spatial analysis, recent studies are making 

efforts to analyze built environment factors with fine resolutions and linking the factors 

with ridership (Li, et al., 2020). 

2.2.2 The temporal heterogeneity of the built environment impact on ridership 

With mounting evidence suggesting that built environment aspects, including density, 

diversity and design, are closely related to public transit ridership, more studies are 

examining the built environment-ridership relationship under different temporal 

contexts. The temporal heterogeneity of the built environment ridership relationship is 

examined by differentiating ridership between different days and between different 

times of the day. Previous studies examined the built environment and public transit 

ridership using ridership data on a specific day (Shao et al., 2020); others are based on 

the average ridership of a week or a month (Ding et al., 2019). These studies are based 

on the assumption that ridership is evenly distributed throughout the study period, 
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neglecting the fact that ridership varies drastically within a day and between different 

days. In reality, people travel for different purposes under different temporal contexts. 

On weekdays, commuting between home and the workplace is the main metro travel 

purpose, while the main destination on weekends is for leisure activity (Pan et al., 2017; 

Zhao & Cao, 2020; Wang et al., 2021). The temporal differences in travel purposes and 

destinations result in different factors affecting ridership during weekdays and 

weekends. To address this limitation, researchers started to differentiate ridership 

during different times on weekdays and weekends and investigate influential factors for 

ridership for different temporal settings. For example, An et al. (2019) analyzed 

ridership on weekdays and weekends in Shanghai and found that there were significant 

differences in the travel demand of metro passengers between weekdays and weekends. 

The work-related land-use variables were significant on weekdays but had no 

significant contribution to metro ridership on the weekend, and ridership in commercial 

areas and tourist spots increased greatly on the weekend. 

In addition, even within weekdays, there are differences in travel purposes at different 

time periods. For example, job-home commuting is concentrated during morning and 

evening peak hours, and job-related built environment factors may have the greatest 

impact on ridership during morning and evening peaks (Gan et al., 2020). 

Entertainment-related built environment factors have a significant impact on ridership 

during off-peak hours (Chen et al., 2019). Zhao et al. (2014) found that there was a 

significant difference in the influencing factors of ridership between morning peak 

hours and evening peak hours on weekdays. During the morning peak hours, the 

residential population and the floor area of residential buildings around the station had 

a significant impact on bounding ridership. In the evening peak hours, the commercial 

floor area, office floor area, entertainment venues, and shopping malls around the 

station had a significant impact on the bounding ridership. Li et al. (2020) examined 

the built environment factors on metro ridership in Guangzhou, China. The results show 

that high employment density and a high plot ratio had a positive impact on ridership 

in the morning and evening peak hours, and education facilities significantly affected 
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ridership during off-peak hours. 

Taking this a step further, a recent study differentiated boarding and alighting ridership 

during different times of the day and found that boarding and alighting ridership in the 

morning and evening peak hours on weekdays was influenced by different factors 

(Chen et al., 2019). For example, in the morning peak hours, the number of parks, 

business buildings, and public bicycles have a significant negative correlation with 

boarding ridership but a significant positive correlation with alighting ridership. In 

addition, in the evening peak hours, sports services and public bicycles have a 

significant negative impact on boarding ridership but have a positive impact on 

alighting ridership. This result shows that different travel purposes also have a different 

impact on boarding/alighting ridership in morning and evening peak hours. The 

temporal heterogeneity of ridership deserves more in-depth investigation to reveal the 

complex relationship between built environment and public transit ridership. 

Overall, the abovementioned literature provides abundant evidence that built 

environment factors correlate with transit ridership under different spatiotemporal 

contexts. However, the majority of the literature is based on cross-sectional data with 

built environments and transit ridership measured at a certain point in time. Cross-

sectional data can only describe the association between ridership and other factors and 

cannot explain causality (Hong et al., 2016). In addition, as only one point in time is 

taken into account, the cross-sectional data cannot provide key clues for the long-term 

sustainability of the transportation system (Kim et al., 2016). Longitudinal studies can 

provide more powerful evidence for the impact of new transportation investment. At 

present, only a few studies focus on exploring the long-term dynamic effects of different 

factors on ridership with longitudinal data. The exception is Kim et al. (2016), who used 

public transport ridership, population census, and land use data of Los Angeles in 2000 

and 2010. The results show that although the change of office and commercial land-use 

would promote public transport ridership, which was consistent with the result of cross-

sectional data, the change of jobs had no positive impact on public transport ridership 

over the long term. Although longitudinal data were adopted in this study, there were 



20 

 

only two periods separated by ten years, so it was difficult to see a continuous impact. 

There is an urgent need in existing studies to adopt longitudinal research designs over 

long periods of time with multiple time points to reveal how public transit ridership 

evolves with the development of stations surrounding built environments over time. 

2.3 The Big and Non-Traditional Data in TOD Research 

2.3.1 Big and non-traditional data and TOD  

Previous studies on TOD were mainly based on traditional data, such as statistical 

yearbooks (Guzman & Gomez Cardona, 2021), demographic census (Ding et al., 2019; 

Gan et al., 2020; Jun et al., 2015) and land-use map (Zhao, 2013; Kim et al., 2016). 

Studies have revealed that traditional data has several restrictions. First, traditional data 

are updated slowly. In general, the census data are collected at large time interval. For 

instance, demographic census, traffic survey, and building census are conducted at an 

interval of ten years, five years, and one year respectively so that the data cannot timely 

reflect the fast change of a city (An et al., 2019). Second, traditional data is mainly 

collected by sampling survey with small sample size, so that it is not representative 

enough (Ma et al., 2018; Pan et al., 2017). Moreover, traditional data has large statistical 

scale and is generally counted at the levels of city, district and town. The minimum 

statistical unit of traffic survey is traffic analysis zone (TAZ) in general, which limits 

the study on small-scale areas around metro stations (Li, et al., 2020). 

With the advancement of technology in recent years, big data (e.g., smart card swiping 

data, and mobile phone signaling data) and non-traditional data (e.g., points of interest 

(POI), and OpenStreetMap) had become the new urban data sources (Tu et al., 2018; 

Zhou et al., 2018; Zhou & Yang, 2021) and greatly affected the refined expression of 

the built environment and urban dynamic environment (Li et al., 2020; Tu et al., 2020). 

Many latest empirical studies have demonstrated that big and non-traditional data 

reflect the characteristics of the built environment more comprehensively and thus are 

more suitable for TOD study. For example, Zhou et al., (2018, 2019, 2020) and Zhou 
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& Yang (2021) conducted four empirical studies of Shenzhen and testified that big data 

and non-traditional data study is feasible for TOD research and POIs are a useful 

indicators. As reported by An et al. (2019), POIs conduce to capture micro-scale land 

use data. In addition, Zhou et al. (2019) used non-traditional data to evaluate transit-

served areas (TSAs) and found that non-traditional data sourced from Weibo and Baidu 

heatmaps can effectively explain the influencing factors of TSAs and determine the 

expected performance and results of TOD. Zhou & Yang (2021) further used POI and 

OpenStreetMap to quantify the correlation between urban development and the 

accessibility of public transit. 

Many recent studies on built environment and ridership have also begun to use non-

traditional data. For instance, high resolution satellite images (Li et al., 2020), POI 

(Zhao, 2013; Ma et al., 2018; Chen et al., 2019), social media data such as Tencent QQ 

(Li et al., 2020), mobile phone signaling data (Pan et al., 2017), real estate data (Gan et 

al., 2020), bike-sharing data and Baidu heatmaps (Zhou et al., 2020) were used to 

characterize the built environment around metro stations at fine scale. The above studies 

show that big data and non-traditional data have high temporal-spatial resolution, large 

sample size, frequent data update. Multi-source non-traditional data have been used for 

refined study on the impact of rail transit on the built environment (Su et al., 2021). Big 

data and non-traditional data can overcome the restrictions of traditional data, and 

supplement traditional data to measure the TOD (An et al., 2019; Li et al., 2020). 

However, as pointed out by Zhou et al. (2020), big data and non-traditional data are not 

perfect but still have some restrictions. For instance, big data is expensive and only one 

day or week of data is available for study. Most big data are anonymous, without 

personal information, and thus cannot provide the social economic attributes of 

individuals (Zhou et al., 2019). Besides, the suppliers of big data and non-traditional 

data are not unique. For example, many suppliers can provide mobile phone signaling 

data, and many platforms can supply real estate data. It is still difficult to collect the 

data from all suppliers (Pan et al., 2017). 

Nowadays, cross-sectional big data and non-traditional data are mainly used for TOD 
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studies. Few longitudinal data are used for the TOD study due to institutional or 

technical constraints. Especially, multi-source panel data are hard to acquire in the same 

study period (Zhou et al., 2019). The only a few studies based on longitudinal research 

design adopted 2-phase data. For example, Wang et al. (2019) used the floor-area ratios 

(FARs) around Shenzhen Metro stations in 2008 and 2014 for study. Guerra (2014) 

compared the land use data of the 6th year before the opening of the extended Mexico 

City Metro Line B and the 7th year after the opening. Zhou & Yang (2021) took 

Shenzhen POI and OpenStreetMap data in 2014 and 2017 to study urban development 

and the accessibility of public transit. The long-time interval means that the multi-phase 

changes in the built environment cannot observed once stations of a new line are put 

into operation, which restricts the study in the temporal heterogeneity. 

Furthermore, it is also challenging to use longitudinal non-traditional data and big data 

for data analysis. Zhou et al. (2018) believed that the data of TSAs around metro station 

can be tracked continuously using non-traditional data. The long-term change in POIs 

can be measured to reflect the dynamic change of built environment. However, non-

traditional data is newly emerged; the data is not completed once but accumulated 

gradually. For instance, the Baidu Map Application Programming Interface (API) was 

opened in 2010; the Baidu Map Open Platform was launched in 2014 (Baidu, 2022); 

and Gaode Map was officially opened in 2011 (Gaode Map, 2022). Therefore, new 

research methods such as natural experimental methods and panel regression should be 

used to eliminate errors caused by incomplete data and obtain more effective and 

reliable results (Zhou et al., 2020).  

Both natural experiment and panel regression have advantages and disadvantages. First, 

natural experiment aims to explain causal relations (Deng et al. 2019). The samples 

need to be randomly assigned to the control group and the experiment group (Yang et 

al. 2021). The research explores the interaction from both individual dimension and 

temporal dimension, and thus the impact results of policy changes and infrastructure 

construction can be accurately obtained (Zheng et al. 2016). Panel regression is to 

explain the correlation, focusing on the analysis of the dynamic process of changes in 
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the experimental group (Graham, et al, 2009). Second, the sample of natural experiment 

needs to contain the data before and after the opening of the metro (Tian et al. 2021). 

Panel regression lacks comparative research in different time, and the data before the 

opening of metro cannot be added, thus it can only be applied in the research of time 

series after the opening (Chen, et al, 2019). Third, the samples of natural experiment 

need to be randomly allocated (Li et al. 2019). However, in urban research, the samples 

of built environment are determined, thus it is impossible to carry out random allocation. 

Therefore, it is difficult to directly adopt the method of natural experiment. According 

to previous studies, quasi natural experiment that does not require random allocation 

are more suitable for the study of built environment, while panel regression has no 

requirements for the selection of samples (Deng et al. 2019, 2020; Tian et al. 2021). 

2.3.2 Station-level Fine-scale Built Environment Measurement 

Since the limitations of traditional data sources (e.g., population censuses and traffic 

surveys) in examining the relationship between the built environment and ridership 

have been acknowledged in recent studies (Zhao, 2013; An et al., 2019; Li et al., 2020), 

more efforts have been made to identify built environment factors with details derived 

from multiple data sources (e.g., Li et al., 2020; Ma et al., 2018). Recent studies verified 

that non-traditional data could describe the built environment more elaborately and 

reflect the features of the built environment more comprehensively (Chen et al., 2019; 

Zhou et al., 2018, 2019, 2020). Therefore, the latest built environment and ridership 

studies adopted non-traditional data from POIs (Zhao, 2013; Chen et al., 2019; Ma et 

al., 2018), mobile signaling data (Pan et al., 2017), Tencent QQ (Li et al., 2020), and 

residential data captured from real estate trading websites (An et al., 2019) to depict the 

station-level built environment of PCAs. These studies have proven that the built 

environment around stations can be depicted in a detailed way with multisource non-

traditional data. This approach is helpful for researchers to further zoom in on the 

analytical scale of the station built environment with more detailed measurements and 

to obtain a clearer and more comprehensive understanding of the station’s ridership and 

its relationship with surrounding built environment factors. 
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Although the non-traditional data approach enabled comprehensive measurement of the 

built environment at a fine scale, existing studies on the built environment and ridership 

suffer incomparable empirical results across studies due to inconsistently identified 

pedestrian catchment areas (PCAs). Existing research mainly applies ArcGIS software 

to draw a concentric circular buffer area centered on the station with a radius of different 

Euclidean distances as the study area (Sung & Oh, 2011; Kim et al., 2016; Pan et al., 

2017; An et al., 2019). The radius of the PCAs have a great impact on the research 

results. However, the habitual PCAs of passengers differ from city to city. For instance, 

a study in Seoul showed that the most suitable radius of PCAs was 500 m (Sung & Oh, 

2011). A study in Los Angeles demonstrated that 400 m and 800 m were acceptable 

radii of PCAs for local passengers (Kim et al., 2016). In China, a buffer area with a 

radius of 800 m is broadly employed as the PCA study area (Zhao, 2013; Zhou et al., 

2018; Gan et al., 2020; Li, et al., 2020). Moreover, it is too simplistic to adopt only the 

concentric circular buffer area with a straight Euclidean distance as the radius. The 

concentric circular buffer cannot reflect the actual geographical features of the study 

area, such as the obstruction of rivers and mountains and highway segmentation (Li et 

al., 2020). In addition, there will also be overlap between buffer areas. Consequently, a 

recent study incorporated the method of superimposing the Thiessen polygon onto 

concentric circular buffer areas to refine the measurement of geographical features and 

avoid the influence of rivers on PCAs (Li et al., 2020). However, there is still a lack of 

consideration of road networks, hills, station exits and other factors. The PCA range has 

a significant impact on the density calculation (Cervero & Kockelman, 1997). 

Therefore, it is necessary to use new technology to integrate the terrain, road network, 

building and station exit to accurately delineate the range of PCAs. 

2.4 Summary and Research Gaps 

The impact of rail transit on built environment and ridership have always been the 

research focus in recent decades. The number of new studies is increasing, including 

numerous theoretical discussion and empirical studies. Over a review of the previous 

literature and findings, the studies on the impact of rail transit on built environment and 
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ridership still have several problems to be solved. 

First, most of the existing studies have explored the impact of rail transit on the built 

environment and ridership from a static perspective based on cross-sectional data (e.g., 

Chen et al., 2019; Ibraeva et al., 2020; Shao et al., 2020). Few researchers have adopted 

longitudinal research designs and panel data to reveal the dynamic changes in the built 

environment and ridership and the impact mechanisms. Cross-sectional research cannot 

reflect the dynamic change in the built environment and its dynamic impact on ridership 

but reflects the relationship characteristics at a certain time. Although a longitudinal 

research design has been used in the latest studies on the impact of TOD on urban 

development (Wang et al., 2019) and land transactions (Zhao et al., 2018), the study 

data have included mainly 2-phase data, lacking continuous panel data and ignoring the 

built environment and ridership change with time. Therefore, there is still a lack of 

understanding of the dynamic changes in the built environment and ridership. 

Second, most of the current studies have demonstrated the correlation of rail transit to 

the built environment and ridership but have lacked causal analysis (An et al., 2019). 

On the one hand, the “before and after” research design has been rarely used, and the 

data used have lacked a longitudinal comparison before and after the opening of the rail 

transit. On the other hand, the casual analysis in econometrics has been neglected. Thus, 

the casual relationships between rail transit and the built environment and ridership are 

not yet clear, and it is unable to accurately evaluate the effect of the opening of trail 

transit. Additionally, it is difficult to evaluate the different impacts of TOD and AOD 

on the urban built environment. 

Third, in the existing studies, the spatially different impacts of TOD on the built 

environment and ridership have not been sufficiently discussed. The survey range was 

large, e.g., at the regional or city level (e.g., Niu et al., 2019; Singh et al., 2014; Zhang 

et al., 2019). The single TOD spatial structure model was still used for reference (Mu 

& Jong, 2012). These studies ignored the spatial heterogeneity among different stations 

and lacked differentiated spatial structure models for different types of stations (Zhang 

et al., 2019). In addition, the existing studies on the classification or clustering of 
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stations were still based on cross-sectional research designs (Huang et al., 2018; 

Kamruzzaman et al., 2014; Lyu et al., 2016), regardless of the different dynamic 

development features of stations in different areas. At present, there is a lack of studies 

that cluster TOD stations according to the dynamic built environment, and a TOD 

dynamic spatial structure model based on spatial differences at station level. 

Fourth, the existing studies have mostly adopted traditional data (e.g., statistical 

yearbooks) and have rarely used multisource spatiotemporal big data and nontraditional 

data. Featured by small sample sizes, large survey scales, and low precision, traditional 

data have difficulty meeting the requirements for fine-scale studies at the station level 

(e.g., An et al., 2019; Zhou et al., 2018, 2019, 2020; Zhou & Yang, 2021). This type of 

research requires a large statistical time interval, and it is difficult to collect multiyear 

continuous panel data (Wang & Lin, 2019). These shortcomings of traditional data can 

be offset by multisource spatiotemporal big data and non-traditional data. However, 

few studies have used big data and non-traditional data to study the evolution of the 

built environment and ridership at the station level. 

Fifth, the current studies on ridership have been conducted mainly on the basis of 

statistical ridership data and have been less based on spatiotemporal big data (e.g., the 

metro smart card swiping data). Hence, there is a lack of classified discussion on 

inbound and outbound ridership on weekends and in different time periods on weekdays 

(An et al., 2019). At present, there are few studies on the different impacts of the built 

environment on inbound and outbound ridership in different time periods.  

Additionally, the study areas (e.g., pedestrian catchment areas) of existing studies on 

TOD have generally been an equidistant circular buffer zone, without consideration of 

the actual landforms, buildings, and road networks (Li et al., 2020). As a result, there 

has been a large difference between the areas of the buffer zone and the actual survey 

region, which directly affects the accuracy of the calculated density of the built 

environment. It is necessary to use a new technical method to accurately depict the 

walking area of the station. 
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Seventh, the existing studies on the impact of TOD on the built environment and 

ridership were carried out in Western countries (e.g., Chakraborty & Mishra, 2013; 

Nasri & Zhang, 2014; Stojanovski, 2020). China is experiencing rapid urbanization, 

constant urban expansion, and the high-speed construction of rail transit networks. 

Chinese cities already have a high building density and complete public transit systems, 

setting them apart from the low building density, high rate of private car travel, and 

incomplete public transit services in Western countries (e.g., Zhang, 2007; Yang et al., 

2020). Therefore, more empirical studies should be conducted on the built environment 

and ridership in China content. 

In summary, the existing studies on the impact of rail transit on the built environment 

and the ridership of rail transit are not sufficient. There are many gaps to be filled in 

terms of the research data, research design and methods, and survey region. It is 

imperative to establish a longitudinal research framework based on multisource 

spatiotemporal big data and non-traditional data from the perspective of TOD to better 

understand the spatiotemporal impact of rail transit stations on the built environment 

and ridership. 
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Chapter 3 Research framework and methodology 

In this chapter, the research framework is introduced first, followed by the specific 

research designs of the three empirical studies. Next, the study area, characteristics of 

data, and statistical methods are also summarized. 

3.1 Research Framework 

This study concerns the impact of rail transit on the built environment around station 

and ridership after the opening of stations. The conceptual framework of this study is 

as shown in Figure 3.1. The basic model structure follows the classical literature on 

built environment-ridership. Among the modeled variables, built environment is 

included, which are hypothesized to influence ridership. The built environment 

variables include density of faciality, population, job, apartment, bus stop and road 

(Monajem & Ekram Nosratian, 2015; Ganning & Miller, 2020), diversity (Niu et al., 

2019), distance from commercial and public spaces to station and to city center 

(Monajem & Ekram Nosratian, 2015). Based on previous literature, the impact of TOD 

on the built environment has spatial heterogeneity (Higgins & Kanaroglou, 2016; Kong 

et al., 2019). In this model, the built environment has been discussed in two groups: 1) 

stations and town center and 2) urban center and suburbs.  

The built environment variables also affect ridership of public transport. For example, 

the increases in employment density, facility density, and diversity positively affect the 

ridership. Furthermore, considering the different travel purposes in different time 

periods, different impacts of the built environment can be seen on weekends and in 

different travel time periods on weekdays. On weekdays, the boarding and alighting 

ridership in morning peak and evening peak is affected by various factors (Chen et al., 

2019). 

Previous studies have used mainly cross-sectional data based on measurements at 

specific time points. The main challenge with cross-sectional analyses lies in the fact 

that they may encounter endogeneity and reflect only correlations (Mayer & Trevien, 
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2017; Tan et al., 2019; Yang et al., 2021).As metro project takes a long period of time 

from its construction to operation, the built environments around station before and 

after the opening of the metro lines have different characteristics (Wang et al., 2019). 

Longitudinal design can provide more reliable causal relationship results and avoid the 

erroneous conclusions caused by the incorrect ordering of timing. This model is 

separately developed for the samples in different years before and after the opening of 

metro. By comparing the changes of built environment variables in different years to 

observe the dynamic change process characteristics of the built environment around the 

station before and after the opening. This framework provides a long-term impact 

analysis framework with which to evaluate the impact of the dynamic built environment 

on ridership. 

In summary, this conceptual framework contributes to a better understanding of the 

process and mechanism of the dynamic impact of TOD in different areas on the built 

environment and ridership. Based on this framework, the built environment and the 

causal impact mechanism can be depicted more comprehensively.  
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Figure 3.1 Conceptual framework of built environment and ridership 

3.2 Research Design 

This study mainly explores the impact of rail transit on the built environment and 

ridership. The following will introduce the research design of this study in detail. Figure 

3.2 shows the Analytical framework. 

First, a longitudinal research design and panel data are adopted in this study. The three 

case studies covered five years of panel data before (2015-2016) and after (2016-2019) 

the opening of Shenzhen Metro Line 7/9/11. The econometric research method 

including DID and panel regression methods for longitudinal studies are used to study 
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the changes in the built environment and ridership (Gao et al., 2019; Gu, 2021; Yu et 

al., 2021; Su, 2010; Zhang & Jiao, 2019). Gravity center shift analysis and directional 

distribution (standard deviational ellipse) analysis for longitudinal studies in spatial 

econometrics are conducted to study the evolution of the built environment (Chatman 

& Noland, 2011; Li et al., 2019; Moore & McGuire, 2019). 

Second, according to the latest literatures, the three case studies will use non-traditional 

multi-source data and spatiotemporal big data, including POI data, road network data, 

construction data, new and second-hand housing data, population, mobile phone 

signaling data, and metro smart card swiping data (Li et al., 2020; Zhou et al., 2018, 

2019, 2020). 

Third, in terms of the study area, small-scale refined research is conducted through full 

use of the high precision of non-traditional data and big data. In the latest literatures, 

the three case studies were conducted at station level, lack of study at city level (Li et 

al., 2020; Su et al., 2021). For the first and second case studies, traditional circle buffer 

zone is used. For the third case study, walking path planning function by web map is 

used to elaborately depict the scope of the actual pedestrian catchment areas.  

Fourth, regarding the division of the study area, the first case study adopts traditional 

division of administrative areas: urban center and suburban area. The second case study 

uses clustering analysis method, where the study area is divided into 5 clusters for 

refined discussion.  

The first case study is to evaluate the impact of metro line on the urban built 

environment. First, the densities of different built environment variables are calculated 

based on non-traditional data. Then, DID model is used to compare the development 

changes in the built environment around the stations of the new metro line and the 

traditional town center before and after the opening of the metro line. Next, this study 

further discusses the stations in urban center and suburban area to explore the spatial 

difference in the impact of the opening on the built environment. 

The second case study aims at exploring the evolution of the built environment after 

the opening of the metro line. Firstly, 18 stations of the whole line are analyzed in 
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clusters according to the characteristics of each station. Then, agglomeration effect and 

gradient change in the built environment around the stations are studied by kernel 

density estimation, gravity center shift analysis, direction distribution analysis, gradient 

analysis and network distance analysis. 

The purpose of the third case study is to study the impact of the built environment 

around the station on the ridership. First, the scope of pedestrian catchment area (PCA) 

of the station is defined. Then, TOD 3D model is used to measure the built environment 

within the identified PCA. After that, pooled ordinary least square (OLS) and panel 

regression methods (including fixed effects regression model and random effects 

regression model) are taken to check the impact of density, diversity, and design on the 

boarding and alighting ridership during 2016-2019. 

 

Figure 3.2 Analytical framework 
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3.3 Study Area 

Shenzhen in Guangdong Province of China was selected as the study area. Shenzhen is 

located in the south of China and the east coast of the Pearl River Delta, adjacent to 

Daya Bay and Dapeng Bay to the east, the Pearl River Delta to the west, and Hong 

Kong to the south, with a total area of 1997.47 km2, including 927.96 km2 of built-up 

area (Shenzhen Government, 2021). There are 9 administrative districts and 1 new 

district including Futian District, Luohu District, Yantian District, Nanshan District, 

Baoan District, Longgang District, Longhua District, Pingshan District, Guangming 

District and Dapeng New District, which are as shown in Figure 3-3 below.  

Shenzhen, one of the youngest cities in China, was established in 1979. In 1980, it 

became the first special economic zone established in China, a window of China's 

reform and opening up, and an emerging city. Since 1979, its population has grown 

greatly from 30,000 at the beginning to 17,560,061 (Shenzhen Government, 2021). As 

a national economic center, science and technological innovation center, regional 

financial center, and a trade and logistics center, Shenzhen plays an important role in 

China's hi-tech industry, financial services, foreign trade exports, ocean transportation, 

creative cultural industry (Shenzhen Bureau of Commerce, 2021).  

 

Figure 3.3 Overview of Shenzhen 
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3.3.1 Overview of the urban rail transit development in Shenzhen 

With the official opening of the first metro line on December 28, 2004, Shenzhen 

became the 8th city with rail transit. Up to December 28, 2021, Shenzhen Metro had 

opened 12 lines, 289 stations, with 419 km in total length. In the whole city, totally 411 

km of metro lines and 283 stations are under operation, forming an urban rail transit 

network covering all municipal administrative districts of Shenzhen. As of December 

2021, there were 10 metro lines under construction, The length of the network will 

exceed 650 km by 2025. And it is planned to realize a 1,335 km urban rail transit 

mileage by 2035 (Shenzhen Metro, 2022). In 2021, Shenzhen metro carried more than 

5.6 million passengers per day, making up 56 percent of the city's public transportation 

passenger volume. Shenzhen metro system became the backbone of public transport in 

Shenzhen, which realized the transformation from automobile-dominated traffic pattern 

to rail transit dominated traffic pattern (Yang et al., 2020a). 

 

 

Figure 3.4 Overview of Shenzhen Metro Network in 2021 

The construction of Shenzhen metro is mainly divided into four phases. In 2001, the 

first phase of the metro project commenced in accordance with the Master Plan for 

Shenzhen Rail Transit Network proposed in 1992. This project includes the east section 
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of the east-west Line 1 (Luohu Station - Window of the World Station) and the south 

section of the north-south Line 4. The lines mainly cover the central area of the city. 

With the opening of the 22 km lines finished in the first phase in 2004, Shenzhen urban 

rail transit experienced a huge change, forming a main structure in "horizontal and 

vertical" cross shape, which promoted the development of the city from east to west, 

the construction of Futian central area, Che Kung Temple and other areas, and the 

development of the principal axis of the city. In 2011, 5 lines and 106 stations completed 

in the second phase of the metro project were opened. The rail transit operation scale 

reached 178.3 km. Since then, Shenzhen entered the stage of rail transit network 

operation (Shenzhen Metro, 2022). 

After the completion of the second phase, Shenzhen municipal government prepared 

the 2010 edition of the rail transit network plan, which put forward the development 

strategy of "creating a hub-dominated network city with high accessibility, and high 

density in the core area", and the construction of a "double-center radial" urban express 

line network and a zoned ordinary line network "waved by central area and the 

surrounding suburban areas". The planned long-range rail line network was composed 

of 20 lines, with a total length of about 753 km. The focus was to enhance rail transit 

support in Nanshan District and the surrounding central areas as well as the prioritized 

development areas of the city. During 2012-2020, 5 metro lines (169 km) finished in 

the third phase were opened. In 2018, the construction of the fourth phase of metro 

project commenced and was expected to be finished in 2022. By then, the network will 

have 15 lines, with a total length of about 586 km (Shenzhen Metro Operation Blue 

Paper, 2020). 
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Table 3.1 Annual statistics of Shenzhen Metro Network 

Year 
Length of 

operation lines 

Volume of 

ridership per year 

Operation new 

lines 
Plan Phase 

  (km) (Million person)     

2004 22  

Line 1/4 Phase I 

2005 22 57.66 

2006 23 89.9 

2007 24 117.65 

2008 25 135.5 

2009 25 138.23 

2010 64 162.71 

Line 2/3/5 Phase II 

2011 177 459.85 

2012 177 781.29 

2013 177 917.15 

2014 177 1,036.75 

2015 177 1,121.88 

2016 285 1,297.13 

Line 7/9/11 Phase III 
2017 297 1,655.45 

2018 297 1,886.51 

2019 316 2,032.16 

2020 423 1,630.22 Line 6/8/10 Phase IV 

 

This study mainly involves the Lines 7, 9 and 11 which was metro network plan phase 

III. Because these three lines opened in the same year of 2016 and the Shenzhen Metro 

will not open the next new line which was metro network plan phase IV until 2020 

(Table 3.1). Among them, Line 7 connects the main residence zone and employment 

zone of the city center, and runs east-west across the urban area, showing a "V" shape. 

The line has a total length of 30.173 km, 28 stations including 10 transfer stations. One 
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depot and one parking are set for the whole line. 

Line 9 starts from Wenjin Station and ends at Qianwan Station, with a total length of 

36.18 kilometres and 32 stations with 15 transfer stations. The whole line is 

underground. The construction is divided into two phases. The first phase commenced 

in 2012 and was opened for trial run on October 28, 2016. The second phase (the west 

extension) commenced in 2015, ended on November 26, 2019, and was put into trial 

run on December 8, 2019.  

Line 11, once called an airport line, is the first commuting metro line in Shenzhen, 

constructed from April, 2012 and opened on June 28, 2016. This line starts from Futian 

Station, passing by Shenzhen Bao’an International Airport and ending at Bitou Station, 

with a total length of 51.936 km (39.4 km underground, 11.0 km overhead, and 1.3 km 

for transition) and 18 stations. There are two overhead sections: one section is located 

between Bihaiwan Station and Airport Station (Baoyuan road section), with about 4.2 

km in length; another section lies between Fuyong Station and Houting Station (Bao’an 

road section), with about 6.7 km in length. Line 11 connects Futian center area, Nanshan, 

Qianhai, airport, Fuyong, Fuhai, Shajing, Songgang and other districts, making it an 

express line from central urban area to the western coastal regions and also an express 

line to the airport. Compared with other metro lines, Line 11 has long station spacing, 

high speed and traffic volume; and the maximum capacity of the train is 2,564 

passengers. It is the first metro line in Shenzhen with running speed reaching 120 km/h, 

which is 50% faster than the existing lines (Shenzhen Metro Operation Blue Paper, 

2020). 
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Figure 3.5 Overview of study case (Shenzhen Metro Line 7, 9 and 11) 

3.3.2 Overview of TOD in Shenzhen 

Shenzhen is an ultra-high-density mega city under rapid economic development. 

Shenzhen municipal government initiatively proposed and put into practice the concept 

of transit-oriented development (TOD) in China (Shenzhen Government, 2021). As 

pointed out in the White Paper on Urban Transportation in Shenzhen (2010), Shenzhen 

should establish the dominant role of rail transit in citizen's means of transportation in 

central urban area and on the main development axis of the city, which for the first time 

determined the TOD in the top-level system design of urban transit. Shenzhen 

municipal government put forward the urban development concept of "building the city 

by constructing metro" and "operating the city by operating metro transit" (Shenzhen 

Metro, 2022). The metro construction is conducive to improving the quality of the city, 

reorienting a new lifestyle of Shenzhen people, and creating the city a newly defined 

world-class metropolis. 

In the field of station and city development, the "rail + property" model is deeply 

integrated with the city (Yang et al., 2020a). Since the line planning and the pre-design 

of the stations, the construction of infrastructures for metro had been integrated with 
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the development of land around the stations and co-planned by multiple stakeholders 

such as the planning department, real estate developers, land use administrative 

department, metro designers, and bank financing department (Shenzhen Metro, 2022). 

The purpose is to realize the station and city integrated TOD strategy of synchronous 

planning, integrated design and distributed implementation of the station construction 

and the surrounding commerce, make full use of metro space to recreate land resources, 

and elaborately create a 5-min, 10-min and 15-min living circle. To build a convenient, 

effective, eco-friendly, energy conservation and human-centered integrated transport 

system with green transportation as the leading role, accelerate the construction of an 

innovative city, emphasize the city's features, and make Shenzhen a livable and 

energetic city for residence, working and touring (Shenzhen Metro Operation Blue 

Paper, 2020). 

Shenzhen has experienced four TOD development modes. The lines constructed in the 

first phase of the metro project used TOD 1.0 version, where the station was an exit-

containing building independent from the surrounding land development. The lines 

constructed in the second phase adopted TOD 2.0 version, where the station was 

integrated with the design of the surrounding buildings. In other words, office buildings 

and residential buildings were set beside the station, which is more diverse than the 

TOD 1.0 version. However, the transport facilities were still separated from the land 

use. Moreover, only single station (e.g., Tanglang Station) was planned to integrate with 

the development of surrounding land. 

The lines constructed in the third phase applied TOD 3.0 version. The station was 

integrated with the city design. The station exits were closely connected to the 

surrounding office buildings and residential buildings, which greatly improved the 

diverse level. The coupling between rail transit and land space had been planned when 

making plan for the rail transit line network and its construction to make an overall 

layout plan for all metro lines in the city and for TOD of the whole network. This way 

practically realized the idea of providing people with efficient and convenient living 

facilities around the stations, fully cognized the characteristics and flow directions of 
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the passengers, met their living demands, and promoted a benign flow of urban 

population. 

The lines of the fourth phase under construction adopted TOD 4.0 version. This mode 

realizes the station-city-industry integrated development, focuses on integrating various 

commercial and industrial resources around the station to promote an all-round 

development of the city. In the TOD areas, the agglomeration and intelligence degrees 

of infrastructures and associated public services are improved to promote the inflow of 

population, the development of emerging industries, and lead a new lifestyle (TOD 

Center, 2020).  

3.4 Data Description  

The built environment studies are mainly conducted on the traditional data source such 

as remote sensing interpretation, land use map, master plan, statistical yearbook, 

architectural design data, floor-area ratio of buildings, etc. (Curtis, 2008; Xue et al., 

2012; Ratner & Goetz, 2013; Loo et al., 2017; Wang et al., 2019; Stojanovski, 2020). 

However, traditional data has many disadvantages such as the small sample size, large 

statistical scale, weak representativeness, long survey time interval, poor timeliness, 

and high collection cost (Zhou et al., 2018, 2019, 2020). 

In particular, the current land-use map is mainly led by the planning department for the 

future land-use planning. However, due to the difficulties in the past data survey, the 

survey cycle of land-use situation is long, the results are lagging behind, and it is not 

detailed enough. After the actual construction, whether the land use is completely in 

accordance with the land-use planning, the actual results are difficult to evaluate. On 

the other hand, in the past, the classification of land use was mainly based on a single 

land use type. At present, TOD strategy encourages more mixed development. There 

are more than two kinds of utilization modes in the same land, which are difficult to be 

directly shown in the land use map. 

With the advancement of information technology in recent years, big data and non-

traditional data (e.g., points of interest (POI), smart card data, and online maps) provide 
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new sources of urban data (Zhou et al., 2018) and begin to be used for studying the built 

environment. As proved in recent studies, emerging big data and non-traditional data 

has multi-sources, large sample size, wide coverage, short collection time interval, and 

high accuracy, and thus can depict the built environment and travel behavior more 

accurately and completely than traditional data (Tu, et al., 2018; Zhou et al., 2018; Zhou 

& Yang, 2021). 

However, big data are an emerging data source, and this study was launched as early as 

in 2015. When selecting data sources, this study compared the qualities of different data 

sources, finally choosing the most complete data sources at that time. Since this is a 

time series study, the originally selected data sources are followed to ensure the 

reliability and consistency of the data. 

In this study, the built environment and ridership will be depicted by using the big data 

and non-traditional data as having been proved in recent research literatures as follow. 

3.4.1 POI Data 

POI data mainly refers to geographic entities closely related to life of people, including 

restaurant facility, retail facility, education facility, cultural facility, public utilities 

facility, transport facilities, companies, office building, residence community, living 

services facility, sports and leisure services facility, health care services facility, 

government agencies, accommodation facility (Li et al., 2020; Zhao, 2013). This 

dataset collectively carries the spatial information and attribute information of such 

entities, which can help quickly and intuitively identify the special distribution (An et 

al., 2019). Table 3.2 shows the sample of POI database and Figure 3.6 shows the POI 

geographical distribution in Shenzhen in 2019 as an example. 

 

 

 

 

 



42 

 

Table 3.2 Sample of POI database 

Name Type 

Type 

code 

Address Province City District Longitude Latitude 

Chongqing 

Mianguan 

Restaurant 50102 

No. 

101,Xinan 

Road, 

Baoan 

Guangdong Shenzhen Baoan 113.9034 22.59153 

Suibao 

Mall 

Retail 60305 

Songfu 

Road, 

Baoan 

Guangdong Shenzhen Baoan 113.7992 22.74217 

 

 

Figure 3.6 POI geographical distribution in Shenzhen in 2019 

Compared with traditional survey data and land use attributes, POI data are more 

microcosmic, accurate and thus can more intuitively reflect the accumulation of urban 

functions (Ma et al., 2018). For example, in the land use map, residential land use only 

identified as residential community. But it also has corresponding supporting facilities 
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such as restaurant, shop, gym. Due to POI data enhanced the geographical distribution 

description, and frequent updates, many studies have widely adopted POI data to 

identify and analyze urban built environments (An et al., 2019; Chen et al., 2019; Li, et 

al., 2020; Ma et al., 2018; Zhou et al., 2019, 2020). These research approaches and ideas 

provide a reliable theoretical reference basis for this study. 

The disadvantage of POI data is that they lack time attributes. As a result, it is difficult 

to make comparative analyses at time series when analyzing the spatial distribution 

characteristics of urban functions (Zhou et al., 2020). For longitudinal studies, it is 

required to make periodic collections at multiple time points. Therefore, this study 

adopts the POI data that were collected regularly on June 30 and December 31 in every 

year from 2015 to 2019. 

The POI data for this study were collected from Gaode Map Application Programming 

Interface (API). Gaode Map is one of the most popular online maps in China (Li & 

Wang, 2022). Firstly, at the research time point, the POI data of the day were crawled 

by web crawler from Gaode API by crawler software. Next, the data is preprocessed by 

filtering, removing duplicate records, deviation correction and spatial matching. The 

coordinate system in this study uniformly adopted World Geodetic System 1984 (WGS-

84). Then, ArcMap software is used to superimpose all POIs on the base map based on 

the GWS-84 coordinates. Further, the intersection function of ArcGIS is used to count 

the amount of POIs of various types in the study region. Table 3.3 shows the annual 

statistics of POI amount from 2015-2019. 
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Table 3.3 Annual statistics of POI amount from 2015-2019 

  2015 2016 2017 2018 2019 

Restaurant 88,187  88,233  89,128  89,688  94,863  

Retail 129,799  142,847  157,144  145,203  165,585  

Entertainment 10,157  11,076  11,281  12,034  10,926  

Business 98,891  110,753  110,811  111,994  112,638  

Education 12,970  12,977  13,108  13,191  13,952  

Health Care 11,781  11,787  11,907  11,982  12,673  

Office building 2,786  2,829  2,830  2,860  2,877  

Residence community 17,289  17,298  17,474  17,583  18,598  

 

Gaode map information collecting team would verify and update the POI information 

for a single city within 20-30 days, with the four-mode including: newly create, modify, 

delete, and un-change. Gaode map information collecting teams will update the POI 

data through two methods: walking collection and vehicle collection. Walking 

collection is the main approach to collecting detailed POI information. When collecting 

map data, if collectors find a point that is inconsistent with the map information, they 

need to select the location on the collection device, and then take a photo that can fully 

display the restaurant's name, phone number and other information, while selecting an 

appropriate POI category (Gaode Taojin, 2022). After the collection, reviewers will 

make review and confirmation in the back-office of the system. Collection by mapping 

vehicles is a good complement to walking collection. Gaode map may also publish tasks 

on the web platform through crowdsourcing, so that the public can independently take 

orders to deliver road verification. To deliver the task, the public shall confirm whether 

a location exists or not, with photos and videos taken and uploaded (Gaode Taojin, 

2022). 

3.4.2 Road Network Data 

Road network data include the spatial positions, lengths, and other information of roads 
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in the network. In this study, the road network data was acquired from Baidu Map API, 

involving the data of different levels of roads including express ways, first class 

highways, second class highways, third class highways and fourth class highways. 

The collection time of road network data is December 31 every year from 2015 to 2019. 

Bicycle lane data and pedestrian lane data are also collected from Baidu Map and 

verified by a Baidu Map Street View Time Machine (SVTM). These road data were 

imported into ArcMap software for further analysis. The annual road network length 

data are shown in the Table 3.4 below: 

Table 3.4 Annual statistics of road network mileage from 2015-2019 (km) 

Year 
Operation 

Mileage 

Express 

ways 

First class 

highways 

Second class 

highways 

Third class 

highways 

Fourth class 

highways 

2015 1645 421 665 256 207 96 

2016 1639 420 664 256 203 96 

2017 1653 420 677 256 202 98 

2018 1704 417 683 269 236 99 

2019 1723 426 689 272 236 100 

 

 

Figure 3.7 Road network geographical distribution in Shenzhen in 2019 
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3.4.3 Building Data 

Building data includes the floor area, building floors, building type, building address, 

building coordinates. Building data crawled from Baidu Map API. The data collection 

time is December 31 of every year from 2015 to 2019. The crawling results are cross 

compared with the data in annual statistical reports of Shenzhen Bureau of Statistics. 

Then, these building data are imported into ArcGIS for further analyses. Figure 3.8 

shows the building geographical distribution in Shenzhen in 2019 

 

Figure 3.8 Building geographical distribution in Shenzhen in 2019 

3.4.4 Bus Stop Data 

Bus stops data collected from Gaode Map API on December 31 of every year from 

2015 to 2019. The quantity of bus stops is closely related to the convenience of 

residents' travel and is also an important part of the connection between rail transit and 

bus. A rapid bus system makes people available to access to other region beyond the 

walking and biking distances (Chen et al., 2019; Ma et al., 2018). Table 3.5 shows the 

annual statistics of bus stop from 2015-2019 
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Table 3.5 Annual statistics of bus stop amount from 2015-2019 

 2015 2016 2017 2018 2019 

Bus stop 9,541 9,520 9,525 9,547 9,582 

 

3.4.5 Apartment Data 

Apartment data contains the sale and purchase data of second-hand house, including 

the district, town, community, unit type, floor area, orientation, decoration, floor 

number, completion time, transaction time and longitude & latitude.  

In this study, this data is acquired from Lianjia.com. Table 3.6 is a sample of apartment 

data from Lianjia.com Launched in 2010, Lianjia.com has the largest database of real 

house sources in China, covering 60 million houses in more than 20 cities. Lianjia has 

more than 5000 outlets. In Beijing, Lianjia takes 55%-60% of the local real estate 

agency market (Lianjia, 2022).  

Table 3.6 Sample of apartment data from Lianjia.com 

 Case 1 Case 2 Case 3 

District Nanshan Futian Baoan 

Town Shahe Xiangmihu Xixiang 

Community Nuode Yangguang Yifangcheng 

Unit type 3 rooms 2 rooms 4 rooms 

Floor area 100 m2 87 m2 120 m2 

Orientation South North East 

Decoration Yes Yes No 

Floor number 15F 17F 5F 

Completion time 2009 2001 2014 

Transaction time 2016.01.05 2018.02.15 2019.06.20 

Longitude 113.8826 113.8932 113.9002 



48 

 

Latitude 22.60125 22.57168 22.56482 

 

Table 3.7 Annual statistics of second-hand apartment amount from 2015-2019 

  2015 2016 2017 2018 2019 

Second-hand 

apartment 

amount 

9468 9907 12064 10978 13941 

 

 

Figure 3.9 Second-hand apartment geographical distribution in Shenzhen in 2019 

3.4.6 Population 

Population includes resident population and employed population. In this study, this 

data is sourced from mobile phone signaling data of China Unicom. The mobile phone 

signaling data is a new source of big data, having unique advantages such as timeliness, 

integrity, and full coverage of all travel times and spaces compared with other data 

source, and special advantage for analysis of traffic big data in various plans (Pan et al., 

2017). As shown in the existing literature (An et al., 2019; Tu et al., 2018; Xu et al., 

2018), China Unicom is the earliest company in China to acquire mobile signaling big 

data. And it is the only one of the three mobile operators to have set up a professional 
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big data company (Unicom Smart Steps Co., Ltd.). However, China Mobile and China 

Telecom have not yet established any independent companies for big data operations. 

China Unicom Smart Steps has established a set of standardized mobile phone signaling 

data processing methods (Unicom Smart Steps, 2022a). By using improved algorithms 

and technical means, it has addressed a series of technical problems, such as base station 

drift and signaling ping-pong effect, so that mobile phone signaling data can be widely 

used in land and space planning (Unicom Smart Steps, 2022b).  

The sampling rate for urban residents' travel surveys in China is generally 1%-5% of 

the total urban population (Lu & Gu, 2011). For Shenzhen, based on the characteristics 

of the city, the sampling rate inside the city center is 5%, and that outside the city center 

is 2.5% (Shenzhen Municipal Transportation Bureau, 2019). According to China 

Unicom Shenzhen Branch (2021), Shenzhen China Unicom users accounted for 19% 

of the total mobile phone uses of Shenzhen in 2021. This sampling rate is much higher 

than that of traditional resident travel surveys. In addition, proportional expansion of 

the population data based on mobile phone signaling as used in this study shows that 

the total number of residents is basically compliant with the total number of residents 

acquired in census. The robustness and applicability of cell phone signaling are thus 

verified. 

The Ministry of Natural Resources of China published Technical Guidelines for the 

Application of Mobile Signaling Data in the Field of Natural Resources (Exposure draft) 

in March 2022 (Ministry of Natural Resources of China, 2022). The use and processing 

of mobile phones’ signaling data by this study comply with the requirements in the 

Guidelines.  

Mobile phones’ signaling data generated in the following five ways: answering calls, 

sending/receiving SMS, switching on/off, switching between base station areas by users, 

and periodic updating of locations (for example, for every 2 hours, the base stations 

will automatically communicate with mobile phones for once). Each entry of signaling 

records includes users' anonymous ID, base stations’ ID, base stations’ latitudes, and 

longitudes, signaling timestamp, dwelling duration, and the distance from the last 



50 

 

communication base station. Mobile phones signaling data are preprocessed first, 

including: removal of data on IoT devices, deduplication for multiple cards, and 

removal of the errors caused by base-station drifts. 

It can measure the actual residential population and working population more 

accurately than traditional statistical data (Zhou et al., 2018). Figure 3.10 shows the 

population geographical distribution in Shenzhen in 2019. The measurement of 

residential locations by mobile phones’ signaling data is made on the values of three 

parameters: the continuous data period, the cumulative duration of single-night stop-

over, and the repetition rate of single-night stop-over. Residential population is the 

number of users with fixed residential locations within the study region within 30 days, 

as calculated from mobile phones’ signaling data. The measurement of employed 

population locations mobile phones signaling data is made on the values of three 

parameters: the continuous data period, the cumulative duration of single-daytime stop-

over, and the repetition rate of single-daytime stop-over. Employed population is the 

number of users with fixed residential locations within the study region within 30 days, 

as calculated from mobile phones’ signaling data (Pan et al., 2017). 

 

 

Figure 3.10 Population geographical distribution in Shenzhen in 2019 
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3.4.7 Rail Transit Smart Card Swiping Data 

Smart card has been used in Shenzhen since 2004. By 2019, more than 91% commuting 

passengers used smart card to take metro (Shenzhen Metro, 2020). The metro smart 

card swiping data for this study is collected from Shenzhen metro department. For 

urban rail transit operation, Automatic Fare Collection System (AFC) system is used to 

record the travel information of passengers, and acquire the ridership of each station by 

statistical analysis, which lays a good foundation for studying the travel distribution 

characteristics of passengers (Ma et al., 2017a; Ordóñez Medina, 2018; Zhou et al., 

2014).  

The ridership data in this study covered the metro smart card swiping data of one week 

in each month from October 2016 to December 2019. The average number of card users 

and card swiping records per week is shown in Table 3.8. 

Table 3.8: The average number of card users and card swiping records per week 

 2016 2017 2018 2019 

Card users 4,557,981 5,395,241 6,046,475 6,325,824 

Card swiping records 31,537,345 40,031,798 45,390,766 43,618,814 

The AFC data mainly includes the card number, entry/exit times and station codes. For 

the sake of use, AFC data should be cleaned first. As the collected AFC data are huge 

in magnitude and complicated in content and may also have certain abnormal and 

wrong data for system or other reasons, such as incomplete or missed data, the 

experimental result may be not accurate if the abnormal data is not processed but 

directly used. The main cleaning contents include: 1) deleting the records with missing 

value or with some fields "0" or NULL, 2) selecting the card swiping records within 

the study line and time range, 3) deleting repeating data, and 4) deleting the record 

where the entry station and exit station are the same (Ma et al., 2017; Li et al., 2018;  

Ordóñez Medina, 2018; Tu et al., 2018). 
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Table 3.9: Sample of the swiping card data 

ID Date Station 

in 

Time Station 

out 

Time Cost Discount 

881206441 20160712 240019 070844 260039 081423 2 No 

68595448 20170905 260037 091023 261023 094312 6 No 

691125814 20181005 263025 200309 240017 210934 8 Yes 

3.5 Modeling Approaches 

This section expounds the statistical methods used in this study. In detail, difference-

in-difference (DID) method is used for comparative analysis of the changes in the built 

environment of traditional town center and metro station before and after the new metro 

line operation. Spatial analysis is mainly for studying the spatial evolution of built 

environment around metro station. As for panel regression method, panel data is mainly 

used to evaluate the impact of different built environment variable on the ridership of 

metro in different time frame. The DID and panel regression methods was most used in 

econometrics for causal analysis and just begins being used in the study of built 

environment in recent years (Deng et al., 2020; Niu et al., 2021; Tian et al., 2021; Yang 

et al., 2021; Zhang, 2020). However, compared with traditional method, this causal 

analysis method is still rarely used for studying built environment. 

3.5.1 Difference-in-difference (DID)  

The difference-in-difference (DID) method has mainly been used to calculate the 

difference in increment between treatment and control groups with intervention based 

on multiperiod data. This method simulates a randomly allocated experiment to verify 

a causal relationship without a random experiment and thus is also referred to as the 

quasi-natural experimental method (Deng et al., 2020; Sun & Li, 2021). The principle 
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is that the variation in a given observed factor before and after the implementation of a 

certain policy is evaluated on the basis of a counterfactual framework. In this method, 

all sample data are divided into two groups: the treatment group with intervention and 

the control group without intervention. If the samples are divided into two groups (the 

treatment group with policy intervention and the control group without policy 

intervention) under the impact of an exogenous policy and no significant difference is 

found between these two groups before policy implementation, the change in the 

control group before and after policy implementation can be regarded as the status of 

the treatment group without policy impact (the counterfactual result) (Deng et al., 2020; 

Yang et al., 2021). The actual impact of the policy can be obtained through a 

comparison between the change in the treatment group and the change in the control 

group (Zhang, 2020). 

As an important research method to evaluate policy effects, the DID method has been 

increasingly studied and has been used in recent studies on the impact of rail transit (Gu, 

2021). In general, the reasons are as follows: first, DID can avoid endogenous problems. 

Compared to the microcosmic body, a given policy is generally exogenous and thus 

exhibits no reversal causes and effects (Tian et al., 2021). Moreover, a fixed effects 

estimation method is typically adopted, which alleviates the problem of the missing 

bias error of a given variable to a certain extent (Tan et al., 2019). Second, in the 

traditional method, the policy effect is mainly evaluated with the OLS regression 

method after setting a dummy variable to determine whether the policy should be 

implemented or not (Zhang, 2020). In contrast, the DID model requires multiperiod 

panel data, making it more scientific in multiple time sequence longitudinal studies and 

providing more accurate estimation results. Regarding evaluation of policy effects on 

public projects, the DID method provides a satisfactory explanatory power and 

robustness (Sun & Li, 2021). For the specific formula, please refer to Chapter 4. 

3.5.2 Clustering Analysis 

Clustering analysis measures the similarity between different data sources and classifies 
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these data sources into different clusters (Lyu et al., 2016). In contrast to classification, 

clustering requires unknown categories to be divided. Clustering analysis is exploratory, 

without a given classification criterion in advance. This method can automatically 

classify based on sample data and help to explain the difference and distribution 

characteristics of the built environment around stations at different levels of the urban 

space (Tu, et al., 2018). In this study, the hierarchical clustering analysis method was 

adopted to perform iterative clustering based on clustering indices. 

3.5.3 Spatial Analysis 

3.5.3.1 Gravity Center Transfer Analysis 

The gravity center is the point through which the resultant gravitational forces 

originating from all constituent points of an object pass under any object orientation. In 

a recent spatial analysis study, the gravity center analysis method was used, where the 

gravity center of built environment variables was calculated and determined in ArcGIS 

(Li, et al., 2019c). According to the changes in gravity center transfer over multiple 

years, the shift in the gravity center of the considered built environment variables was 

quantitatively described, and a shift path map was generated (Li, et al., 2019c). This 

map could intuitively reflect shift information and determine the catchment trend of 

facilities toward a given station after rail transit opening. 

 

3.5.3.2 Directional Distribution Analysis 

The directional distribution (standard deviational ellipse) algorithm was first proposed 

in 1926 by D. Welty Lefever. Directional distribution analysis results can reflect the 

evolution of facility diversity and evaluate the spatial distribution direction of facilities 

(Moore & McGuire, 2019). For the specific formula, please refer to Chapter 5. 

3.5.3.3 Kernel Density Estimation 

In kernel density estimation (KDE), an event can occur at any location within a certain 

spatial scope but with different probabilities. If an event occurs within a region many 

times, the frequency of this event is high in this region, and vice versa (Yang et al., 
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2019). 

3.5.4 Panel Regression 

Panel regression analysis is a causal relationship analysis method developed in recent 

decades. Panel data track the same individuals (cross-sectional dimension) within a 

certain period (time dimension) (Yu et al., 2021). Compared to traditional cross-

sectional datasets or time sequence datasets, panel datasets provide many advantages. 

Usually, panel data can provide a large number of data points and more information on 

the dynamic behaviors of individuals (Chen et al., 2019). Moreover, the collinearity 

problem can be alleviated based on the difference between individuals to further 

improve the effectiveness of measurement model-based estimation results (Su, 2010). 

Furthermore, a certain effect is found to be attributed to the occurrence of missing 

variables relevant to the explanatory variable. Based on panel data, the impact of these 

missing variables can be reduced or eliminated (Chen & Jiang, 2020). Panel regression 

models can be divided into three types: pooled estimation regression models, fixed 

effects regression model, and random effects regression models (Yu et al., 2021). For 

the specific formula, please refer to Chapter 6. 
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Chapter 4 The Impacts of Rail Transit on the Built 

Environment of the Transit Station Surrounding Area 

4.1 Introduction and Motivation  

4.1.1 Research Background  

As illustrated in Chapter 2, the change of the built environment around transportation 

facilities has become a hot topic. In fact, although the impact of transportation on the 

built environment has been explored for almost a hundred years, whether to take motor 

vehicles or public transportation as the core of urban transportation means is still 

controversial. Some studies claim that with the progress of industrialization and the 

expansion of the first public transit systems (e.g., tramways or railways) in European 

cities in the 19th century, public transit services have become the main mode of 

transportation for residents, since most people could still not afford cars (Anas et al., 

1983). Arturo Soria Mata expounded the theory of linear urban planning based on 

transport facilities. In many cities, such as Madrid, some forms of linear urban spatial 

structures have been established, with tramways or railways acting as the core of urban 

transit (Ibraeva et al., 2020).  

With the popularization of private cars in the United States, the concentric zone model 

(CZM) of urban spatial structure was proposed in 1925, based on the argument that 

cities often grew around a single core, weaved with radial and circular road networks, 

with highway systems connecting central business districts, residential zones and other 

functional areas (Ford, 1974). Due to AOD, cities formed significant highway corridors, 

which attracted large-scale land and commercial development projects on both sides of 

these highway routes. It is shown that the built environment around highway corridors 

has such features as fragmentation, low land use rates and low building densities, 

because motor vehicle transportation is more flexible. Moreover, in AOD systems, 

limited by the single land use type and serious separation between employment areas 
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and residential areas, residents have to travel by car (Ibraeva et al., 2020; Zhang et al., 

2019). It is precisely because of the above shortcomings of the AOD model that such 

urban problems as air pollution and traffic jams occur frequently. 

Therefore, the linear urban spatial structure based on rail transit began to be 

reconsidered by researchers. As the transit development strategy is shifting from 

automobile-oriented models to public transit-oriented ones, internal urban spatial 

structures will be reshaped through rail transit (Ratner & Goetz, 2013; Wang et al., 

2019). In the TOD strategy, residents are encouraged to work and live around metro 

stations, so as to form community-based living and working circles around metro 

stations, thus developing rail transit stations into new development centers in cities (Li 

et al., 2019; Padeiro et al., 2019). Hence, it is necessary to analyze how rail transit 

reshapes the internal urban spatial structure, so as to support the implementation of 

TOD and relevant urban planning in the future.  

Although research interest in the public transit–based urban built environment has 

revived over the past century, many differences have yet to be addressed between the 

idea of TOD-based built environment and the past concept of AOD-based built 

environment. According to some studies, at the end of the 19th century and the 

beginning of the 20th century, urban industry was dominated by heavy industry, with 

industrial zones and residential areas being separated, even though they were both built 

up along railways. In contrast, the urban industry in the 21st century is dominated by 

the tertiary industry, meaning that jobs, leisure activities and residential areas are 

clustered around rail transit stations, thus forming an integrated development mode, 

rather than a fragmented development mode (Ibraeva et al., 2020; Zhang et al., 2019). 

This indicates that rail transit infrastructure, instead of road system nodes, stands in the 

center of working and living activities (Pongprasert & Kubota, 2019; Wang et al., 2019). 

The urban internal spatial structure may be reshaped around rail transit under the TOD 

strategy, and rail transit stations may become the basic spatial unit of cities. Therefore, 

it is beneficial to compare the impact of AOD and TOD on built environment. 
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4.1.2 Evaluation of TOD impact on built environment  

With the continuous implementation of the TOD strategy, researchers are focused 

increasingly on measuring TOD performance, arguing that for new TOD projects 

around stations, their success rate should also be measured. Some researchers have 

evaluated the effect of TOD by formulating key TOD evaluation indicators. For 

instance, Renne (2007) proposed a method to evaluate the success rate of TOD projects 

by measuring the density, traffic flow, growth in real estate values and other metrics of 

TOD and then comparing them with the average values of other TOD areas. Belzer and 

Autler (2002) put forward a TOD evaluation system with six indicators, namely 

location efficiency, value recovery, livability, financial benefits, lifestyle choices and 

effective land use patterns, but found that the collection of data for these indicators was 

challenging. Singh et al. (2014) proposed a method to measure the TOD index and the 

potential TOD index for an urban agglomeration, with empirical studies conducted in 

the urban areas of Arnhem Nijmegen, the Netherlands. In this method, suitable places 

for future TOD are determined according to the 3Ds and the business activities (the 

quantity of commercial organizations), while spatial multi-criteria analysis (SMCA) is 

performed to obtain the value of the potential TOD index (0-100).  

Some of latest studies use non-traditional data to evaluate the TOD performance. Based 

on non-traditional data, for example, Zhou et al. (2018) assessed the characteristics and 

performance of transportation services of 167 metro stations in Shenzhen and 

established a four-quadrant evaluation model. In addition, Zhou et al. (2019) discussed 

how to redefine TOD and the expected results based on non-traditional data and 3D 

models. Furthermore, Zhou et al. (2020) addressed TOD attributes and outcome indexes 

by using big data and open data (BOD) and quantitatively examined the relationship 

between TOD attributes and TOD outcomes, finding that the TOD attributes and TOD 

outcomes can be best predicted with metro ridership and flows of frequent passengers 

in the same station area. 

The performance of TOD projects has also been evaluated by comparison of differences 

between TOD areas and non-TOD ones (Renne, 2007). Compared with residents in 
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non-TOD communities, those living in TOD communities own and use fewer cars (Cao 

& Cao, 2014; Park et al., 2018), but own more bicycles and often took public means of 

transportation or rode bicycles or walking for daily travel (Huang et al., 2017). 

Although most of the existing literature has discussed the impact of TOD from different 

perspectives, they generally adopt cross-sectional data based on measurements at 

specific points of time. However, cross-sectional analyses have a big challenge: they 

may encounter endogeneity (Mayer & Trevien, 2017; Tan et al., 2019; Yang et al., 2021). 

In addition, many factors related to the built environment are not observable or 

measurable. For example, the development of metro stations may be related to the 

overall development of cities, but cross-sectional studies can only uncover the 

characteristics of a specific set of built environment at a specific point in time; as a 

result, on causal conclusions can be drawn about the impact of rail transits on urban 

development (Zheng et al., 2016).  

Therefore, over the past 5 years, more researchers have begun to take longitudinal study 

designs to evaluate the impact of TOD on urban development. For instance, by 

measuring the accessibility with the average time taken to two central business districts, 

Zhou & Yang (2021) found that the accessibility of metro stations has greater impact 

on urban development than does the accessibility of bus stops. Other studies tried to 

verify the causal effects between rail transit and cities by using causal analysis methods, 

such as propensity score matching (PSM) method (Nasri et al., 2020), instrumental 

variables (Yang et al., 2021), and the different-in-different (DID) method (Niu et al., 

2021; Sun & Li, 2021; Tian et al., 2021) and etc. However, they have rarely been rarely 

used for studying the causality between rail transit and the built environment and for 

comparing the changes between traditional town centers along highways and rail transit 

stations along rail transit lines.  

4.1.3 Research Objectives 

To fill these research gaps, this research selects Shenzhen Metro Line 11, which 

connects the urban center with the western suburbs as a case study. Using multi-source 
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non-traditional spatiotemporal panel data and DID model to explore the following two 

research questions: (1) Does the rail transit station surrounding areas develop faster 

than the traditional town center after the opening of the rail transit? (2) Is the impact of 

the rail transit on the urban center and the urban suburbs is different? 

This study makes two contributions to the literature. First, this research complements 

the previous empirical research on the causal effects of rail transit on the built 

environment and proves that after the opening of metro, the station surrounding areas 

developed fast than traditional administrative and commercial center located at 

highway nodes. Second, by comparing urban center and suburban area, this research 

makes up for the shortcoming in the previous discussion on the spatial heterogeneity of 

the impact.  

4.2 Study Area and Datasets 

4.2.1 Study area 

In this research, Shenzhen Metro Line 11 opened in 2016 was taken as the research 

object for the purpose of studying the built environment evolution after opening the 

new metro line. This line is the longest urban rail transit line built at one time in China 

(with a total length of 52 km). It connects the city center to the western area of Shenzhen, 

ends at the boundary between Shenzhen and Dongguan, and is the most primary 

infrastructure for establishing a one-hour commuting metropolitan area to develop the 

western suburban areas of Shenzhen. (Shenzhen Metro, 2022). 

As a quasi-natural experiment, this research took Shenzhen section of National 

Highway No.107 (G107) and Shennan Avenue parallel to Metro Line 11 as the control 

group. Built in 1934, the Shenzhen section of G107 is the main highway that connects 

Shenzhen and Guangzhou the earliest and stretches from the boundary of Dongguan to 

Shennan-North Ring interchange. This road passes by the major town governments and 

commercial centers in Baoan District and is the dominant highway facility in this 

District. Shennan Avenue was built in 1979 and is the most core road in the urban center 
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of Shenzhen, running through Nanshan District, Futian District and Luohu District of 

Shenzhen and the main administrative and commercial center of the urban center area, 

with a total length of 28 km. According to “The plan for comprehensively deepening 

reform and opening up of the Qianhai Shenzhen-Hong Kong Modern Service Industry 

Cooperation Zone”, the areas in Bao'an District along the G107 highway are also 

included in Qianhai Shenzhen-Hong Kong Modern Service Industry Cooperation Zone. 

Therefore, a large amount of industrial land in Bao'an District has been converted into 

commercial or residential land use (Shenzhen Municipal Government, 2021). 

Corresponding to metro stations, the town administrative and commercial centers 

passed by G107 and Shennan Avenue were selected as the control group. As the main 

administrative, commercial and cultural centers of towns, the town centers along the 

highway are provided with a large number of administrative, commercial and cultural 

facilities. Over decades of development, the town centers can represent the regional 

centers at town level of a city in the era of highways. 



62 

 

 

Figure 4.1: Study Area of Shenzhen  

According to previous studies, the typical impact range of TOD is a 10 min walking 

distance, namely a half mile (800 meter) (Singh et al., 2014; Zhang, 2016). Thereby in 

this paper, the buffer area 800 m from the station is defined as the station surrounding 

area (SSA). Similarly, the buffer area 800 meter from the plaza center of a town center 

is defined as the town center surrounding area (TCSA). 

4.2.2 Data  

In order to accurate characterize the built environment, this study collected points of 
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interest (POI) data from Gaode Map using Gaode Map application programming 

interface (API), which is one of the most extensively used web map in China. The 

information of POI included the type, address, latitude, and longitude coordinates of 

facility. The POI data including restaurant, retail, entertainment, and business, which 

collected on June 30, 2015/2016/2017/2018/2019. The data was analyzed by ArcMap 

software to count the POIs in the SSA and TCSA, respectively. For the sample of POI 

data and specific collection and preprocessing method, please refer to 3.4.1 in Chapter 

3. Table 4.1 provides descriptive statistics of the POI variable characterizing the built 

environment in SSA and TCSA from 2015 to 2019.  

Table 4.1: Descriptive statistics of independent variables 

  SSAs   TCSAs 
Description Source 

  Mean Std  Mean Std 

Restaurant        

2015 510.24  452.28   647.05  195.88  
Restaurants, 

cafes, teahouse, 

cake shop, snack 

bar  

Gaode Map 

2016 559.91  480.61   718.01  182.94  

2017 848.40  599.95   793.93  192.14  

2018 985.21  657.99   844.63  193.51  

2019 1,134.64  713.92   940.06  226.77  

Retail        

2015 1,043.20  1,004.74   1,210.53  390.72  

Shore, 

supermarket, 

mall  

Gaode Map 

2016 1,180.46  1,120.50   1,358.34  437.74  

2017 1,700.31  1,349.84   1,543.51  496.62  

2018 1,909.51  1,471.59   1,720.70  531.53  

2019 2,161.59  1,685.24   1,882.60  630.59  

Entertainment       

2015 468.96  529.89   708.47  511.97  
Cinema, KTV, 

bar, amusement 

park, Internet 

bar, game hall  

Gaode Map 

2016 532.65  600.77   770.23  539.43  

2017 703.12  682.17   840.98  567.68  

2018 827.48  826.71   942.60  600.05  

2019 919.46  957.77   1,003.52  631.82  

Business        

2015 650.77  624.20   808.27  412.00  
Companies  Gaode Map 

2016 719.62  693.41   878.04  430.57  
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2017 816.85  796.59   952.05  413.70  

2018 896.04  878.18   977.34  442.41  

2019 1,048.20  970.61    1,039.40  535.85  

 

4.3 Methodology 

Non-traditional data is a new data source for measuring the evolution of built 

environment. Based on non-traditional data, DID model was used to determine the 

impact of rail transit on built environment. The first model is to analyze the built 

environment changes in SSAs and TCSAs. The second model is to explore the different 

impact of SSAs and TCSAs in urban center and suburban. 

4.3.1 Variables 

Density denotes the intensity of facilities. This study calculates the density of 

restaurants, retail, entertainment and business facilities to evaluate the land use in the 

SSA and TCSA (Li et al., 2019; Zhou et al., 2019). The density calculation formula is 

as follows: 

                𝐷 =
𝑁

𝐴
                           (4.1) 

where, D is the density, N is the total of facilities in the SSA and TCSA, and A is 

the area of one SSA and TCSA. 

4.3.2 DID Model 

During 2016-2019, Chinese cities underwent a rapid development in economy and 

constant increase in the number of urban buildings. It is not enough to prove the causal 

relationship between metro and the change in built environment just by a comparison 

between the built environments around the metro station before and after the metro line 

opening. The key to inferring the causal relationship is to solve the endogenous problem 

(Tian et al., 2021; Yang et al., 2021). Before the opening of the metro line, there may 
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have been difference between the area along the line and other area, leading to deviation 

in the causal inference. Besides, the change in urban built environment is not only 

resulted from the opening of the line but also may be relevant to other unobservable 

factors (Zheng et al., 2016). In order to measure the impact of the opening of the metro 

line, it is needed to remove the time effect and the change with the overall urban 

development. In this research, the impact of the opening of the metro line was treated 

as the object of a quasi-natural experiment (Deng et al., 2020). The core concept of DID 

is to identify the "implementation effect" of public policies as per the dual differences 

in cross section and time sequence caused by the implementation (Niu et al., 2021). The 

samples were divided into two groups: a treatment group affected by the metro 

operation (SSA) and a control group not affected by the metro operation (beyond the 

area of SSA). A first-order difference was conducted on the data before and after the 

opening of the metro line to obtain the changes of the two groups and eliminate the non-

time-varying individual heterogeneity. The second-order difference was conducted 

between the two groups to remove the increment change with time. The purpose is to 

purify the impact of the opening of the metro line and improve the explanatory power 

of the model (Deng et al., 2020; Su et al., 2021; Tian et al., 2021). 

This research adopts panel data before and after the opening of the metro line. Therefore, 

the basic equation was added with fixed effect model and time effect model. 

The basic model is as shown below: 

𝑌𝑖𝑡 = 𝛽0 + 𝛽1𝑡𝑖𝑚𝑒𝑡 + 𝛽2𝑡𝑟𝑒𝑎𝑡𝑒𝑑𝑖 + 𝛽3𝑡𝑖𝑚𝑒𝑡 ∗ 𝑡𝑟𝑒𝑎𝑡𝑒𝑑𝑖 + 𝛽4𝑡𝑟𝑎𝑛𝑓𝑒𝑟𝑖𝑡 +

𝛽5𝑛𝑒𝑤𝑖𝑡 + 𝜇𝑖 + 𝜈𝑡 + 𝜀𝑖𝑡                                             (4.2) 

where, i represents the i-th individual; t represents the t-th year; time is the dummy 

variable of time (provided that the time before the opening of the metro line is 1 and 

the time after that is 0, taking the opening time as the critical point); treated is the 

dummy variables of the two groups (1 for the treatment group and 0 for the control 

group); εit is other random influence factors not considered, and represents the random 

error terms, of which the most important estimate is 𝛽3, which is the net impact of the 
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opening of the metro line on restaurant, retail, entertainment facilities, business. Y 

represents the variables of these four aspects; 𝜇𝑖 represents the effect at each station; 

𝜈𝑡 represents the time effect. 

The treatment group and control group are selected randomly. If there has been 

difference between the two groups before the implementation of public policy or the 

opening of the metro line, the impact on the explained variable may be not caused by 

the implementation of the policy but by the intrinsic difference between the two groups. 

Hence, the estimate obtained by DID method is not accurate enough. It is needed to 

conduct parallel trend test (Deng et al., 2020; Tian et al., 2021). Before the opening of 

the metro line, the two groups should have the same trend. Till the opening, the parallel 

trend was broken; the built environments of the two groups began to show different 

trends (Niu et al., 2021). 

4.4 Results 

4.4.1 The built environment difference between SSAs and TCSAs  

The DID model can eliminate the interference of exogenous factors, such as changes in 

the macro environments and social-economic policies, other than the new rail transit 

lines. The assumption that a parallel trend exists between the treatment group and the 

control group is a prerequisite for DID. Figure 4.2 showed results of parallel trend test 

between treatment group and control group. The year before the metro opening was set 

as the baseline year and the horizontal axis represents the relative time of metro opening 

(e.g., “2 yr after” means two years after the metro opened and “yr of adopt” means the 

year when the metro was opened). (Niu et al., 2021) 

The treatment group and the control group have same growth trend before and after the 

metro opened. It indicated that the assumption of parallel trend between SSA and TCSA 

is correct and suitable for DID model. 

Because multi-period panel data are used, this study also adopts both the pool OLS 
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method, time fixed effect method and the Two-Way Fixed Effect (TWFE) method for 

DID regression to test the robustness of the DID model. The consistency of the three 

regression results corroborated the robustness of the model. For the detailed results, 

please refer Appendix B) 

 

Figure 4.2 Parallel trend test between treatment group and control group 

This research has compared the development and changes between the newly opened 

metro SSAs and the TCSAs, which are the traditional administrative and commercial 

center, so as to explore and analyze whether the built environment has changed.  

Table 4.2 shows the change in facility density between 2015 and 2019. Before the metro 

line operation, the density of TCSAs was higher than that of SSAs, manifesting the 

accumulation of long-term development of traditional town administrative and 

commercial centers. For example, for restaurant facilities, TCSAs was 31.71% higher 

than SSAs; for retail facilities, TCSAs was 16.04% higher than SSAs; for entertainment 

facilities, TCSAs was 51.07% higher than SSAs; and for business, TCSAs was 24.2% 
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higher than SSAs. Nevertheless, with the metro line operation, although TCSAs was 

still increasing, a significant change appeared in comparison with SSAs in terms of the 

total volume. Only after the first year of metro opened, the total volume of restaurant 

and retail become higher than that of TCSAs. For example, for restaurant, SSAs was 

3.88% higher than TCSAs in the first year of operation and then 15.27% higher TCSAs 

in the third year. For business, TCSAs was still higher than SSAs in the first and second 

years after the operation, but the SSAs became 0.84% higher than that of TCSAs in the 

third year of operation. However, the total volume of entertainment of TCSAs was 

always higher than that of SSAs. 

Table 4.2 The density changes between SSA and TCSA (2015-2019) 

  Restaurant Retail Entertainment Business 

2015 

SSA 255.12 521.60 234.48 325.39 

TCSA 336.01 605.27 354.24 404.13 

Difference 31.71% 16.04% 51.07% 24.20% 

2016 

SSA 279.96 590.23 266.32 359.81 

TCSA 370.04 679.17 385.11 439.02 

Difference 32.18% 15.07% 44.60% 22.01% 

2017 

SSA 424.20 850.16 351.56 408.42 

TCSA 407.75 771.75 420.49 476.02 

Difference -3.88% -9.22% 19.61% 16.55% 

2018 

SSA 492.60 954.75 413.74 448.02 

TCSA 433.37 860.35 471.30 488.67 

Difference -12.02% -9.89% 13.91% 9.07% 

2019 

SSA 567.32 1080.80 459.73 524.10 

TCSA 480.66 941.30 501.76 519.70 

Difference -15.27% -12.91% 9.14% -0.84% 

In terms of growth rate as showed in Table 4.3, before the metro line operation, SSAs 

was 0.39% lower than TCSAs for restaurant, but higher than TCSAs for retail, 

entertainment, and business. After the metro operation, the growth rate of SSAs for 

restaurant was also higher than that of TCSA. Moreover, the first year of the operation 

manifested the fastest growth in restaurant, retail, and entertainment, but afterwards, 

the second and third years manifested a gradually lowered growth rate. These data 
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demonstrate that the first year of the metro opening delivered the greatest impact on the 

built environment. However, for business, SSAs did not grow fastest in the first year, 

but in the third year. 

Table 4.3 The density growth rate changes between SSA and TCSA (2015-2019) 

  Restaurant Retail Entertainment Business 

2015-2016 

SSA 9.74% 13.16% 13.58% 10.58% 

TCSA 10.13% 12.21% 8.72% 8.63% 

Difference 0.39% -0.95% -4.86% -1.95% 

2016-2017 

SSA 51.52% 44.04% 32.00% 13.51% 

TCSA 10.19% 13.63% 9.19% 8.43% 

Difference -41.33% -30.41% -22.82% -5.08% 

2017-2018 

SSA 16.13% 12.30% 17.69% 9.70% 

TCSA 6.28% 11.48% 12.08% 2.66% 

Difference -9.84% -0.82% -5.60% -7.04% 

2018-2019 

SSA 15.17% 13.20% 11.11% 16.98% 

TCSA 10.91% 9.41% 6.46% 6.35% 

Difference -4.26% -3.79% -4.65% -10.63% 

 

In addition, Tables 4.2 and 4.3 indicated that both SSAs and TCSAs had seen an overall 

increase from 2015 to 2019. Therefore, it is necessary to adopt the DID model to 

diminish the interference of exogenous factors, such as changes in the macro 

environment and in social and economic policies. 

Table 4.4 shows the results of the DID models between SSAs and TCSAs. In the model 

the R square is 0.181-0.514. The four models have passed the F test. For restaurant, 

retail, entertainment and business, the coefficients of the treated*time interaction term 

are 138.666, 190.405, 63.1 and 44.361, respectively, all significant at the 0.1 level. 

Among them, restaurant and retail are significant at 0.01 level. These results 

demonstrate that the metro line has a significant positive effect on restaurant, retail, 

entertainment and business, which have developed significantly faster around the metro 

line stations than in town centers, especially for restaurant and retail facilities. 
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Table 4.4 The result of DID model between SSA and TCSA 

 Restaurant Retail Entertainment Business 

Constant 
348.997*** 

(35.655) 

718.458*** 

(31.248) 

353.182*** 

(27.579) 

416.908*** 

(38.275) 

treated * time 
138.666*** 

(6.226) 

190.405*** 

(3.639) 

63.100** 

(2.165) 

44.361* 

(1.790) 

Station Fixed Effect Yes Yes Yes Yes 

Year Fixed Effect Yes Yes Yes Yes 

R ² 0.514 0.358 0.227 0.181 

F  38.762*** 4.689* 12.552** 3.203* 

Note: * Significant at 0.1 level; ** Significant at 0.05 level; *** Significant at 0.01 

level 

4.4.2 The built environment difference between SSAs and TCSAs in urban center 

and suburb 

The Shenzhen Metro Line 11, as selected by this study, is this city’s first rapid rail transit 

line connecting the city center and its suburbs. It remains unclear whether there is any 

difference in the impacts of rail transit on the between SSAs and TCSA in urban stations 

and suburban ones. 

Figure 4.3 and figure 4.4 show the results of the parallel trend test between the treatment 

group and the control group. The treatment group and the control group had the same 

growth trend before and after the metro opened. It indicated that the assumption of 

parallel trend between SSA and TCSA in urban centers and suburbs is correct and 

suitable for DID model. 
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Figure 4.3 Parallel trend test between treatment group and control group  

in Urban center 
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Figure 4.4 Parallel trend test between treatment group and control group in suburb 

Table 4.5 illustrated the change of the density between SSAs and TCSAs in urban center 

from 2015 to 2019. In terms of the density before the metro opening, the SSAs in urban 

center had been already higher than TCSAs for restaurant, retail, and business. This 

case may be because Futian Station, Chegongmiao Station and Nanshan Station of the 

metro line were already mature commercial areas at that time. Furthermore, both Futian 

Station and Chegongmiao Station are transfer stations for 4 metro lines, with TOD 

development implemented. After the metro operation, the density of SSAs was still 

higher than TCSAs. However, for the density of entertainment, SSAs was already lower 

than TCSAs before metro operation, and got higher than TCSAs 9.14% in the third year 

after metro operation. 

Table 4.5 The density changes between SSA and TCSA in urban center (2015-2019) 

  Restaurant Retail Entertainment Business 

2015 

SSA 435.63  782.03  401.64  425.13  

TCSA 403.07  510.45  517.11  414.65  

Difference -7.47% -34.73% 28.75% -2.46% 

2016 

SSA 473.62  890.62  450.14  472.97  

TCSA 439.20  561.82  553.61  456.34  

Difference -7.27% -36.92% 22.99% -3.52% 

2017 

SSA 655.26  1109.59  548.33  562.13  

TCSA 469.40  603.15  598.41  494.15  

Difference -28.36% -45.64% 9.13% -12.09% 

2018 

SSA 739.43  1241.66  678.38  641.03  

TCSA 476.80  679.65  658.35  501.37  

Difference -35.52% -45.26% -2.95% -21.79% 

2019 

SSA 817.27  1423.00  773.82  738.18  

TCSA 536.11  740.79  703.06  548.29  

Difference -34.40% -47.94% -9.14% -25.72% 
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In terms of growth rate as Table 4.6, before the metro opening, the restaurant growth 

rate of SSAs was 0.24% lower than TCSAs, but the growth rate of retail, entertainment, 

and business higher than TCSAs. Moreover, the first year after metro opening saw the 

fastest growth in restaurant, retail, and entertainment, but afterwards, the second and 

third years saw a gradually lowered growth rate. 

Table 4.6 The density growth rate changes between SSA and TCSA in urban center 

(2015-2019) 

  Restaurant Retail Entertainment Business 

2015-2016 

SSA 8.72% 13.89% 12.07% 11.25% 

TCSA 8.96% 10.06% 7.06% 10.05% 

Difference 0.24% -3.82% -5.01% -1.20% 

2016-2017 

SSA 38.35% 24.59% 21.82% 18.85% 

TCSA 6.88% 7.36% 8.09% 8.29% 

Difference -31.48% -17.23% -13.72% -10.57% 

2017-2018 

SSA 12.85% 11.90% 23.72% 14.03% 

TCSA 1.58% 12.68% 10.02% 1.46% 

Difference -11.27% 0.78% -13.70% -12.57% 

2018-2019 

SSA 10.53% 14.60% 14.07% 15.16% 

TCSA 12.44% 9.00% 6.79% 9.36% 

Difference 1.91% -5.61% -7.28% -5.80% 

 

Table 4.7 shows the results of the DID models between SSAs and TCSAs in urban 

center. The R square is 0.292-0.623 for the four models, which have all passed the F 

test. After stations and years are fixed, for restaurant, retail, entertainment and business, 

the coefficients of the treated*time interaction term are 209.73,283.365,123.04 and 

118.953, all significant at the 0.1 level. For restaurant and retail, the relation is 

significant at the 0.01 level. These data demonstrate that the availability of the metro 

line in the urban center has delivered a significant positive effect on restaurant, retail, 

entertainment and business, which have developed significantly faster around the metro 

line stations in the urban center than town center. 
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Table 4.7 The result of DID model between SSAs and TCSAs in urban center  

 Restaurant Retail Entertainment Business 

Constant 
485.010*** 

(26.732) 

799.284*** 

(18.511) 

540.426*** 

(18.980) 

491.094*** 

(20.292) 

treated * time 
209.730*** 

(5.001) 

283.365*** 

(2.839) 

123.040* 

(1.870) 

118.953** 

(2.127) 

Station Fixed Effect Yes Yes Yes Yes 

Year Fixed Effect Yes Yes Yes Yes 

R ² 0.623 0.422 0.292 0.330 

F  25.014*** 8.062** 3.496* 4.522** 

Note: * Significant at 0.1 level; ** Significant at 0.05 level; *** Significant at 0.01 

level 

Table 4.8 illustrates the density changes between SSAs and TCSAs in suburb. Not 

only before the metro operation but also after the metro operation, the density of 

SSAs was lower than that of TCSAs, indicating that the TCSAs in suburban was still 

the most developed areas, and the SSAs development was still lower than TCSAs. 

Table 4.8: The density changes between SSA and TCSA in suburb (2015-2019) 

  Restaurant Retail Entertainment Business 

2015 

SSA 146.81  365.34  134.18  265.54  

TCSA 270.50  668.48  245.66  397.12  

Difference 84.25% 82.97% 83.07% 49.55% 

2016 

SSA 163.76  410.00  156.04  291.92  

TCSA 305.54  757.40  272.79  427.47  

Difference 86.58% 84.73% 74.82% 46.44% 

2017 

SSA 285.56  694.50  233.50  316.20  

TCSA 348.67  884.16  301.87  463.94  

Difference 22.10% 27.31% 29.28% 46.72% 

2018 

SSA 344.51  782.61  254.96  332.22  

TCSA 385.99  980.82  346.60  480.21  

Difference 12.04% 25.33% 35.95% 44.55% 

2019 SSA 417.35  875.48  271.28  395.65  
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TCSA 425.97  1074.98  367.56  500.63  

Difference 2.07% 22.79% 35.49% 26.53% 

 

Table 4.9 showed the density growth rate changes between SSAs and TCSAs in suburb. 

After the availability, the growth rate of SSAs for restaurant was higher than that of 

TCSAs. Moreover, the first year after operation was the fastest growth. The growth 

trend of business was different from that of other facilities. The growth rates of SSAs 

and TCSAs were not much different before the opening as well as two years after the 

opening, but a rapid growth was seen in the third year of the opening. These data 

demonstrate that the development of business has a certain time lag, unlike restaurant 

and retail facility that can be moved into SSAs quickly. 

Table 4.9: The density growth rate changes between SSA and TCSA in suburb (2015-

2019) 

  Restaurant Retail Entertainment Business 

2015-2016 

SSA 11.54% 12.22% 16.29% 9.93% 

TCSA 12.95% 13.30% 11.04% 7.64% 

Difference 1.41% 1.08% -5.24% -2.29% 

2016-2017 

SSA 74.38% 69.39% 49.64% 8.32% 

TCSA 14.12% 16.74% 10.66% 8.53% 

Difference -60.26% -52.66% -38.98% 0.21% 

2017-2018 

SSA 20.64% 12.69% 9.19% 5.07% 

TCSA 10.70% 10.93% 14.82% 3.51% 

Difference -9.94% -1.76% 5.63% -1.56% 

2018-2019 

SSA 21.14% 11.87% 6.40% 19.09% 

TCSA 10.36% 9.60% 6.05% 4.25% 

Difference -10.79% -2.27% -0.35% -14.84% 

 

Table 4.10 showed the results of the DID models between SSAs and TCSAs in suburb 

areas. Only three of which have passed the F test, with a failure for business. After 

stations and years are fixed, for retail and entertainment, the coefficients of the 
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treated*time interaction term are 94.993, 19.482 and 28.674, all significant at the 0.05 

level. For restaurant, the relation is significant at the 0.01 level. These data demonstrate 

that restaurant, retail, entertainment in SSAs have developed significantly faster than in 

TCSAs. However, the coefficient for business fails in the F test and shows no 

significance, indicating that the new metro line has delivered less impact on the 

companies in the suburbs, and the existing companies are still gathering in the town 

centers, without moving to the metro line station surrounding area. 

Table 4.10 The result of DID model between SSAs and TCSAs in suburb 

 restaurant retail entertainment business 

Constant 
264.377*** 

(25.335) 

669.872*** 

(25.458) 

235.578*** 

(39.472) 

370.395*** 

(63.903) 

treated * time 
94.993*** 

(4.039) 

129.482** 

(2.183) 

28.674** 

(2.132) 

-0.002 

(-0.000) 

Station Fixed Effect Yes Yes Yes Yes 

Year Fixed Effect Yes Yes Yes Yes 

R ² 0.432 0.284 0.251 0.420 

F  16.314*** 4.767** 4.544** 0.860 

Note: * Significant at 0.1 level; ** Significant at 0.05 level; *** Significant at 0.01 

level 

4.5 Discussion and Conclusion 

With the panel data on Shenzhen's built environment from 2015 to 2019, this study 

explores the changes in built environment after the new metro line opening in 2016. It 

first uses the DID model to compare the changes in the built environments of SSAs and 

the traditional administrative and commercial centers before and after the metro 

opening, while exploring the spatial differences between urban centers and suburbs. 

The results of this study contribute to the existing literature on the built environment 

from the following perspectives. 
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Built environment has been a great focus of researchers, urban planners and policy 

makers, because built environment reflects physical environments, while always 

changing with economic development, city sizes and traffic patterns (Zhang et al., 

2019). Observation of the evolution of built environment can facilitate understanding 

of the development and evolution process of cities and provide data support for future 

planning. In the past, Shenzhen’s urban structure took Shennan Avenue as the backbone, 

experiencing a transformation from a single-center urban structure to a multi-center one 

(Shenzhen Bureau of Statistics, 2020). After the metro opening, policy makers take the 

TOD development strategy as a new direction for its urban development, striving to 

change the past built environment dominated by roads and seeking a new built 

environment. It will use rail transit as the backbone, with rail transit stations becoming 

new potential growth poles or sub-centers of the city. However, in the past, there was a 

lack of effective policy assessment on the impact of the availability of metro lines and 

the performance of TOD (Mu & Jong, 2012; Niu et al., 2019; Wang et al., 2019).  

If only making comparison with the regions as a whole, it is impossible to figure out 

the impact of rail transit and highways on town centers. For the first time, this study 

compares the development differences between emerging metro stations surrounding 

areas and traditional town administrative and commercial centers around town 

government locations, finding that the development around the metro stations is 

significantly faster than the traditional administrative centers and highway nodes in 

terms of restaurant, retail and entertainment, and metro stations are becoming new 

development centers of the city. This observation supports the positive effects of rail 

transit on the urban built environment as found by other studies (Curtis, 2008; Xue et 

al., 2012; Zhang, 2007). Urban spatial layout has begun to be concentrated on rail transit 

stations. As in researcher on Seattle and Portland (Thomas et al., 2018), compared to 

road transport, rail transport provides residents with a high-volume mode of 

transportation, avoids road traffic jams, significantly shortens the time needed for travel 

between suburban and urban areas, increases the accessibility to public transport, and 

attracts more people to take the metro. The increased flow of people promotes a high-
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density and mixed development of restaurants, retailing, sports, shopping and other 

facilities near metro stations, thus delivering more conveniences to residents' daily life 

and making the metro stations the centers of residents' life (Loo et al., 2010). 

However, this study has also found that businesses around the metro stations have not 

shown significant growth, indicating that the metro stations have not played a sufficient 

role in driving the industrial development. As for the reasons, TOD strategy may have 

paid more attention to increasing residential and living facilities, in order to attract 

residential people, but with fewer office buildings and industrial facilities planned 

(Guerra, 2014). Some studies have also put forward the concept of TOD 4.0, to add 

industrial supporting facilities to the functions of the original living centers, so as to 

increase the employment density around metro stations and build the surrounding areas 

of metro stations into living centers as well as industrial centers (TOD Center, 2020). 

However, some studies claim that the integration of industry and residence functions 

will face great challenges (Zhao et al., 2018). 

Second, this study compares the spatial heterogeneity in the impact of new metro lines’ 

availability on urban centers and suburbs, finding that urban centers have surpassed the 

traditional administrative centers in terms of the total number of facilities and the 

growth rate of metro stations, thus becoming the growth pole of urban development. 

But the suburbs do not show remarkable significance, indicating that more attention 

should be paid to the development of suburban TOD in the future. Some studies suggest 

that this may be due to the fact that the areas around the suburban stations used to be 

industrial districts, without proper supporting commercial infrastructure, so it was 

impossible to form commercial areas around the stations (Zhao et al., 2018). Urban 

renewal will take a long time, and the transformation of land use may be difficult to 

show significant effects in a short period of time. Although the results are not 

remarkable, the positive results still show that suburban sites still have the potentials 

for TOD development. 

Third, in terms of methodology, this study demonstrates that the DID policy evaluation 

method in econometrics can also be applied to evaluating the evolution of built 
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environment. By using the quasi-natural experimental design of longitudinal research, 

the DID model integrates the comparisons before and after the availability, as well as 

the comparisons between the treatment group and the control group, thus properly 

excluding the time effect and the changes brought by the overall development of the 

city (Deng et al., 2020; Niu et al., 2021; Zheng et al., 2016). It can more accurately 

make policy evaluation for changes in built environment before and after the 

availability of the metro. 

Fourth, this study uses non-traditional data to calculate the built environment variables, 

thus correcting the shortcomings of analyses mainly based on the statistical annual 

report data at town scales or TAZ scale in the past research on built environment (Ratner 

& Goetz, 2013). Recently, many studies have demonstrated that non-traditional data 

have greatly improved the measurement accuracy of the built environment, which can 

better support microscopic analysis of the built environment around metro stations and 

facilitate longitudinal research (Ibraeva et al., 2021). Compared with the statistical 

yearbook data (Kim et al., 2016) adopted in past longitudinal studies, the non-traditional 

data can be updated quickly, with large samples provided (Zhou et al., 2020). In this 

way, more accurate and inter-annual continuous collection of data on the built 

environment can be conducted to reflect the dynamic evolution of built environment 

more comprehensively and completely. 

In summary, by using the panel data on Shenzhen's built environment from 2015 to 

2019, this study confirms that the metro can deliver a significant impact on the built 

environment around the stations. The built environment around the new metro line’s 

stations is changing faster than the traditional town centers and highway nodes, and the 

stations are becoming new development centers of the city. However, there are also 

spatial differences in the impact. 
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Chapter 5 The Evolution of the Built Environment around 

New Metro Line Stations 

5.1 Introduction and Motivation 

5.1.1 Research Background  

To resolve the negative impact of the Automobile-oriented development (AOD) such 

as increased traffic congestion, and promote sustainable urban development, 

researchers and urban planners have refocused their interest on mass public transit 

(Huang & Wey, 2019). Peter Calthorpe (1993) pointed out the transport-oriented 

development Strategy (TOD), which is considered as a planning conception aimed at 

alleviating traffic jam as well as urban expansion, reducing urban depletion of energy 

and promoting continuance development of urban. (Cervero & Kockelman, 1997; 

Dittmar & Ohland, 2004; Zhang, 2007; Nasri & Zhang, 2014; Zhang et al., 2017). 

Since the introduction of TOD in China in 2000, the strategy of “public transport 

priority” has been widely implemented in major cities (Huang et al., 2018; Lyu et al., 

2019; Su et al., 2021; Zhou et al., 2020), focused on the development of urban public 

transportation dominated by rail transit (Lyu et al., 2020; Wang et al., 2019). It is 

necessary to understand how new rail transit reshape urban built environment for future 

TOD strategy implementation and urban planning. 

5.1.2 The impact of rail transit on built environment  

Rail transit may affect many aspects of a city such as the spatial structure (Zhang et al., 

2019) and property value (Mulley & Tsai, 2016). The impact of rail transit on the built 

environment has always preoccupied researchers. Previous studies depicted the built 

environment by using a 5D model with five indicators (density, diversity, design, 
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distance to destination and public) (Cervero & Kockelman, 1997; Zhang, 2007；

Motieyan & Mesgari, 2017).  

Although the relationship between rail transit and the built environment has been 

extensively studied, previous studies have four limitations. First, they mainly explored 

the impact of rail transit on the built environment from a static perspective based on 

cross-sectional data. However, this meant that analysis of this impact was limited to a 

certain time point, meaning that its temporal heterogeneity was overlooked. Many 

studies subsequently affirmed that longitudinal research design is better placed to 

provide insight into dynamic variations in the interrelations between built environment 

and transportation facilities and land use (Guerra, 2014; Wang et al., 2019; Ibraeva et 

al., 2020). This reiterates and underlines the potential contribution of a longitudinal 

empirical analysis that examines the dynamic impact of rail transit on the built 

environment. Second, a large number of studies have identified that spatial 

heterogeneity is an important factor to take into account when considering the impact 

of rail transit on the built environment (Higgins & Kanaroglou, 2016; Kong et al., 2019). 

Current studies mainly focus on the regional level (Singh et al., 2014) and city level (Li 

et al., 2019). But few studies have considered how spatial difference influences the 

impact of rail transit on the station-level built environment. Third, the mere researches 

on this aspect adopt cross-sectional data to discuss the static spatial difference 

(Kamruzzaman et al., 2014; Lyu et al., 2016; Yang et al., 2012), lacking a discussion of 

the dynamic spatial difference based on longitudinal data. This also prevents the study 

of dynamic spatial variation such as gravity center transfer, the agglomeration effects 

and gradient effects that should be taken into account when considering rail transit 

impact on the built environment. Fourth, the built environment is currently mainly 

studied by referring to traditional data such as statistical yearbook (Ganning & Miller, 

2020), travel survey (Nasri & Zhang, 2014). The emerging non-traditional data (e.g., 

point of interest, open street map) enable a more detailed and continuous information 

of buildings, roads, transport facilities (An et al., 2019; Zhou et al., 2019). However, 
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few studies have utilized these urban non-traditional data to investigate the built 

environment evolution.  

5.1.3 Research Objectives 

This study contributes to a more detailed and comprehensive picture of the TOD impact 

on built environment changes in Chinese city by addressing these research gaps. To 

achieve this goal, we analyzed the evolution of the built environment in the station 

surrounding area by taking the Shenzhen Metro Line 11 as an example. It examines the 

built environment using multisource spatiotemporal non-traditional data before Line 

11’s opening in 2015 and after its opening from 2016 to 2019. The hierarchical 

clustering method is used to group metro stations into 5 clusters. Changes in the density, 

diversity, and distance to public stations are analyzed through spatial analysis methods, 

including gravity center transfer analysis, directional distribution analysis, and gradient 

analysis. The TOD indicators are adopted to address the following question: Are there 

spatiotemporal differences in the built environment evolution of new metro line at 

station-level?  

This study makes four contributions to the literature. First it fosters a deeper 

understanding of the TOD influences on built environment at the station-level in a new 

metro line, which can quantitatively support for the adjustment of planning schemes in 

high-density city. Second, it compares the built environment evolution at station-level 

and finds spatiotemporal heterogeneity around new metro stations, which can provide 

a scientific foundation for advocate TOD in metropolitan areas in the future. Third, 

using longitudinal research design, which provide more robust evidence than cross-

sectional ones, it investigates the agglomeration effect and its gradient change of facility 

around metro stations. Fourth, this study also provides a non-traditional data-driven 

analytical framework to study the spatiotemporal characteristics of built environment 

evolution. 
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5.2 Study Area and Datasets 

5.2.1 Study area 

The study was conducted in Shenzhen, a mega city located in southeastern China, to 

the east of the Pearl River Delta. The first metro line in Shenzhen was opened on 

December 28, 2004. Currently, there are 8 metro lines in operation in Shenzhen, as 

Figure 5.1 shows. The total length of metro lines is 383 kilometers (Shenzhen Metro, 

2020). Since 2004, Shenzhen has played a leading role in implementing the TOD 

strategy in China. At present, several typical community-level TOD projects have been 

built, which can provide rich and diverse TOD construction environment data (Wang 

et al., 2019; Yang et al., 2020). 

This study selected Shenzhen Metro Line 11, which was opened in 2016, as its subject. 

The total length of Shenzhen Metro Line 11 is 51.93 kilometers, with 34.99 kilometers 

being underground and 15.37 kilometers being aboveground. It contains 18 stations, 

with 14 underground stations and 4 elevated aboveground stations. The line is the 

longest urban rail transit line in China, starting at Futian, running through Nan Shan 

and Bao An, and ending at the border between Shenzhen and Dongguan. It is the most 

critical transportation infrastructure for establishing a one-hour commuter metropolitan 

area (Shenzhen Metro, 2022). 

According to previous studies on TOD walking distance (Galelo et al., 2014; Mu & 

Jong, 2012), we takes the station as the center and defines the buffer zone with a radius 

of 800 meters as the station surrounding area (SSA) and investigate the built 

environment change in this area.  
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Figure 5.1 Shenzhen Metro Line 11 

Note: AP: Airport station, APN: Airport north station, BT: Bitou station, QH: 

Qianhaiwan station, HSW: Hongshuwan south station, HH: Houhai station, FT: Futian 

station, CGM: Chegongmiao station, NS: Nanshan station, QT: Qiaotou station, SJ: 

Shajing station, FY: Fuyong station, HT: Houting station, TW: Tangwei station, MAS: 

Maanshan station, SG: Songgang station, BA: Baoan station, BHW: Bihaiwan station 

5.2.2 Datasets 

We collected three types of nontraditional data, including land use, buildings, and 

transportation. The data collection period was between 2015, before Line 11 opened, 

and 2016-2019, after Line 11 opened. 

POI data is used to represent facility features. Four types of POIs are included: 

restaurants, shops, residences, and businesses. POI data were collected on December 

31, 2015/2016/2017/2018/2019 via the Gaode Map application programming interface 

(API). There was a total of 3,579,382 data entries for the five years in three districts. 

The data were preprocessed by defining filters, removing duplicate records, correcting 

spatial deviation, and conducting spatial matching. The facility density, diversity, and 

distance to public transit is calculated. For the sample of POI data and specific 

collection and preprocessing method, please refer to 3.4.1 in Chapter 3. 
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The building data were collected on December 31, 2015/2016/2017/2018/2019, via the 

Baidu map API. Transportation data includes road network, bike lanes and pedestrian 

bridges. We use transportation data to calculate the density, design, and travel time, 

which were then used to calculate destination accessibility. Road network data were 

crawled on December 31, 2015/2016/2017/2018/2019, via the Gaode Map API. For the 

bike lane length and pedestrian bridge, we marked the bike lane through a Baidu Map 

Street View Time Machine and calculated the length. The bike lane length and 

pedestrian bridge data in 2019 were collected from Baidu Map Street View, and the 

length was calculated using the Baidu map API. Data on travel time to the city center 

in 2015 were collected from the Feasibility Study Report of Line 11, and in 2019, they 

were collected from the Baidu map route planning tool. 

5.3 Methodology 

5.3.1 TOD indicators 

The 5D indicators represent the TOD characteristics of built environment: high density, 

mixed land use, walking-friendly design, high accessibility, and proximity to transit 

stops (Ewing & Cervero, 2010). Here, built environment is analyzed from the five 

dimensions of density, diversity, design, destination accessibility, and distance to public 

transit. 

5.3.1.1 Density 

Density denotes the intensity of facilities. This study calculates the density of 

restaurants, retails, business facilities, residence facilities, building floor areas, and road 

networks to evaluate the land use, buildings, and transit conditions in the SSAs (Li et 

al., 2019; Zhou et al., 2019). 

5.3.1.2 Diversity 

Diversity indicates the distribution of different activity facilities. We evaluate the 

diversity through the Shannon entropy, which is widely used to measure the complexity 
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of a system. The change of the Shannon entropy of land use comprehensively manifests 

the transformation of various land-use types within a period (An et al., 2019). The 

Shannon entropy formula is as follows: 

𝑆 = − ∑ 𝑝𝑖 𝑙𝑜𝑔10 𝑝𝑖       (∑ 𝑝𝑖 = 1)𝑛
𝑖=1

𝑛
𝑖=1             (5.1) 

where S is the entropy of the mixed land use, n is the number of land-use types, and pi 

is the area proportion of one type i. 

5.3.1.3 Design 

The design indicator mainly characterizes nonmotorized traffic, such as walking and 

biking (Nasri & Zhang, 2014). This study analyzes the change in the design of 

pedestrian lanes and bicycle lanes. The TOD strategy encourages pedestrian-friendly 

design by improving walking and cycling facilities. Thus, this study selects the length 

of the bike lane and the number of pedestrian bridges as the design indicators. 

5.3.1.4 Destination accessibility 

The destination accessibility denotes the efficiency of traveling from a community to 

the city center (Lyu et al., 2020) . We evaluated as the time taken to travel from Line 

11 stations to the city center. Here, the Futian Station is chosen as the city center 

because it is located in the central business district (CBD) area. We calculated the travel 

time by car from one station to the city center prior to the opening of the rail transit 

system during rush hours and non-rush hours. We also calculated the corresponding 

time required since rail transit system operation. By comparing travel time before and 

after the opening of the rail transit system, changes in destination accessibility can be 

characterized. 

5.3.1.5 Distance to public transit 

Distance to public transit is measured as the distance from a facility to the nearest public 

transit station. The TOD strategy encourages facilities to be closer to metro stations; 

therefore, it is easier for passengers to reach their destination with a shorter walking 

distance. It also encourages residents and passengers to centralize their daily activities 
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in metro station surrounding areas (Galelo et al., 2014; Mu & Jong, 2012). We calculate 

the average distance from all POIs to the metro station. The results can describe the 

change in convenience in traveling to the metro station. 

Table 5.1 Built environment variables 

TOD 

Indicator 

Built 

environment 

indicator 

Mean  

（SD） 
Description Source 

   Before After     

Density 

Dens-

restaurant  

（POIs) 

173.25 

(200.39) 

227.82 

(203.01) 

Restaurants, cafes per 

square kilometer 

Gaode 

Map 

 Dens-retail  

（POIs) 

199.12 

(200.51) 

442.62 

(324.95) 

Retail facilities including 

shops, supermarkets, 

pharmacies per square 

kilometer 

Gaode 

Map 

 
Dens-

residence 

（POIs) 

9.09 

(13.38) 

16.14 

(20.58) 

Residence communities 

per square kilometer 

Gaode 

Map 

 
Dens-

business 

（POIs) 

195.69 

(357.73) 

387.16 

(415.96) 

Companies per square 

kilometer 

Gaode 

Map 

 Dens-floor 

area (m2) 

180,025 

(137,19) 

190,763

(141,95) 

Building floor area per 

square kilometer 

Baidu 

Map 

 Dens-road 

(km) 

8.61 

(4.6) 

10.95 

(4.41) 

Road length per square 

kilometer 

Baidu 

Map 

Diversity 
Shannon 

entropy 

0.63 

(0.76) 

0.67 

(0.84) 
Shannon entropy 

Gaode 

Map 

Design  
Des-bike 

lane (km) 

2.34 

(1.56) 

3.15 

(2.23) 
Bike lane length 

Baidu 

Map 

 Des-bridge 

(amount) 

1.8 

(1.78) 

3.8 

(3.76) 
Pedestrian bridge amount 

Baidu 

Map 

Destination 

accessibility 

Da-peak 

(min) 

65 

(23) 

25 

(12) 

Travel time to the city 

center during peak hours 

Feasibili

ty Study 

Report 

of Line 

11/Baid

u Map 

Da-off peak 

(min) 

50 

(18) 

25 

(12) 

Travel time to the city 

center during off-peak 

hours 

Distance to 

public transit  

Dpt-

restaurant 

(m) 

516.42  

(47.16) 

516.64 

(12.60) 

Average distance from a 

metro station to a 

restaurant within the SSA 

Gaode 

Map 



88 

 

 
Dpt-retail 

(m) 

524.28 

(62.12) 

521.19 

(69.12) 

Average distance from a 

metro station to a 

residential facility within 

the SSA 

Gaode 

Map 

 

Dpt-

residence 

(m) 

520.18 

(38.14) 

495.20 

(61.90) 

Average distance from a 

metro station to a 

residence community 

within the SSA 

Gaode 

Map 

 
Dpt-business 

(m) 

512.27 

(41.31) 

525.08 

(34.02) 

Average distance from a 

metro station to business 

location within the SSA 

Gaode 

Map 

 

5.3.2 Research method 

Figure 5.2 shows the workflow of the framework. This study used multisource 

spatiotemporal data to describe the TOD 5D indicators. First, we used cluster analysis 

and kernel density estimation to classify the stations. Second, we used the gravity center 

transfer analysis method to evaluate the evolution of the density indicator. Then, the 

direction distribution analysis method was used to evaluate the change of the diversity 

indicator. In addition, accessibility analysis was used to evaluate destination 

accessibility, and the gradient analysis methods and network distance analysis method 

were used to evaluate the distance to the public transit indicator. The cluster analysis 

was based on SPSS 22.0, and the remaining analysis used ArcGIS 10.7. 
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Figure 5.2 The workflow of the framework 

 

5.3.2.1 Cluster analysis 

As a manifestation of urban self-organization, aggregation behavior affects the built 

environment in cities. A spatial clustering analysis of the POIs, buildings, and 

transportation facilities can facilitate our understanding of the characteristics of the built 

environments in SSAs (Lyu et al., 2016). This study uses hierarchical clustering 

analysis, which iteratively clustering item based on normal indices (Tu, Hu, et al., 2018). 

We choose the growth rate of POI density, Shannon entropy index, bike lane length, 

bridge amount, travel time to city center, and distance from facility to station between 

2015 and 2019 as clustering indices. The values of the built environment variables were 

normalized prior to clustering. 
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5.3.2.2 Kernel density estimation 

Kernel density estimation (KDE) is a nonparametric method that is easy to implement 

and can effectively demonstrate the distance attenuation effect in the spatial distribution 

of geographic phenomena (Yang et al., 2019). Its calculation formula is as follows: 

𝑓(𝑥) =
1

𝑛
∑ (𝐾ℎ(𝑥 − 𝑥𝑖)

𝑛

𝑖=1
=  

1

𝑛ℎ
∑ 𝐾𝑛

𝑖=1 (
𝑥−𝑥𝑖

ℎ
)       (5.2) 

where K is the kernel function, h is the bandwidth, x-xi represents the distance from the 

target point to the output grid, and Kh (x) is the scaled kernel. In this study, the KDE is 

adopted to evaluate the change in facility density around the station after the opening 

of rail transit. 

5.3.2.3 Gravity center transfer analysis 

Gravity center transfer analyzes the spatial agglomeration of a facility and explores how 

it changes over time (Li, et al., 2019). Its calculation formula is as follows: 

                   𝑥𝑚 =
∑ 𝑀𝑖𝑋𝑖

𝑛
𝑖=1

∑ 𝑀𝑖
𝑛
𝑖=1

                    (5.3) 

𝑦𝑚 =
∑ 𝑀𝑖𝑌𝑖

𝑛
𝑖=1

∑ 𝑀𝑖
𝑛
𝑖=1

                    (5.4) 

where Mi is the “weight” of facilities in the SSA, Xi and Yi represent the longitude and 

latitude coordinates of the center, respectively, and xm and ym are the longitude and 

latitude of the gravity center, respectively. The gravity transfer index can indicate the 

moving distance of the gravity center. The calculation formula is as follows: 

𝑊∆ = √(𝑋𝑡+1 − 𝑋𝑡)2 + (𝑌𝑡+1 − 𝑌𝑡)2           (5.5) 

where W is the transfer distance of the gravity center and Xt and Yt denote the longitude 

and latitude of the gravity center, respectively. 

The path of the agglomeration can reflect the evolution process for the density of 

different facilities in station surrounding areas and determine whether these facilities 

exhibit a trend of agglomeration towards stations after the opening of rail transit. The 

gravity center transfer path is to evaluate whether the gravity center moved towards the 
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station from 2015 to 2019. 

5.3.2.4 Directional distribution analysis 

Directional distribution analysis can reflect the evolution of facility diversity and 

evaluate the direction of facility spatial distribution (Moore & McGuire, 2019). This 

analysis takes the average center of a group of points as the origin to calculate the 

standard deviations of the longitude and latitude (called the standard deviation ellipse), 

which are used to depict the center and directional trend of the discrete distribution of 

the data. The calculation formula is as follows: 

𝑆𝐷𝐸𝑥 = √
∑  (𝑥𝑖−�̅�)2 𝑛

𝑖=1

n
       (∑ 𝑥𝑖 = 1)𝑛

𝑖=1        (5.6) 

𝑆𝐷𝐸𝑦 = √
∑  (𝑦𝑖−�̅�)2 𝑛

𝑖=1

n
        (∑ 𝑦𝑖 = 1)𝑛

𝑖=1        (5.7) 

where SDEx and SDEy are the major and minor axes of the calculated ellipse, 

respectively. X and Y are the centers of the arithmetic mean, and xi and yi are the spatial 

location coordinates of each element. 

The result can reflect whether the facilities exhibit a trend toward uniform distribution 

in SSA or directional distribution around stations. The semi-major axis displays the 

direction of the data distribution, and the semi-minor axis illustrates the range of the 

data distribution. A larger difference between the semi-major axis and the semi-minor 

axis indicates the more distinct directivity of the data. In contrast, a smaller difference 

between the semi-major axis and semi-minor axis implies less distinct directivity. 

Moreover, the shorter the semi-minor axis is, the greater the centripetal force is (Dawod 

et al., 2013). 

5.3.2.5 Network distance analysis 

Network distance reflects the distance to public transit. Network distance analysis 

calculates the distance between a facility and the station based on the shortest path 

(Galelo et al., 2014). By comparing the average distance between all facilities and the 

metro station given the road network each year, this study explores the changes in 
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agglomeration and the distance to public transit. Road network distance is calculated 

using the road network dataset. 

5.3.2.6 Gradient analysis 

Gradient analysis can evaluate the distance to public transportation. The gradient 

change in the facility density in the buffer zone, with a radius of 10 minutes (800 meters) 

walking distance around the station is analyzed to investigate the agglomeration 

evolution of different land uses in the station surrounding area. In the past, gradient 

analysis in TOD mainly used concentric ring buffers as a research area (Sim et al., 

2015). However, with the increasing length of rail transit vehicles, the station platform 

length has expanded from 100 meters to 200 meters, and there are more distant exits in 

the transit station. Buffer analysis with the station as the center point and 100-meter 

intervals cannot accurately reflect the concepts of walking design and distance to public 

transportation in the TOD 5D model. In this study, the path with the actual shortest time 

to reach the nearest metro station exit is calculated using walking navigation path 

planning in the Gaode Map API. The one-minute walking distance is set as 80 meters. 

Based on the actual walking path, the walking distance buffer zone is drawn for the 

gradient analysis. 

5.4 Results 

5.4.1 Difference of local built environment between stations 

Comparing the growth rate of facility density and the amount of pedestrian bridges 

between 2015 and 2019, Table 5.2 reports the difference in the built environment 

variable growth rates within and outside of the SSAs. The built environment within 

SSAs developed faster than those outside SSAs during the four years after the opening 

of the metro line 11. The density of residences in SSAs grew 173.2% more rapidly than 

those outside the SSAs. The density of business and retail also grew faster within the 

buffer areas by 152.82% and 61.35%, respectively. These differences indicate that the 
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operation of one metro line has contributed to the rapid expansion of retail, residences, 

businesses, and restaurants around the metro stations. 

The growth in road density and pedestrian bridges within the SSAs is also faster by 

19.77% and 100.83%, respectively. However, there is no significant difference in the 

increase in buildings, which shows only a 4.57% difference, indicating that the impact 

of the metro on the buildings has not yet manifested during this short time frame. 

Table 5.2 Growth rate between within and outside the SSA 

 
 

Density  Design 

Restaurants Retail Residences Businesses 
Floor 

area 
Roads 

 Pedestrian 

bridges 

Within SSAs 59.13% 368.89% 233.00% 213.32% 7.80% 21.89%  120.83% 

Outside 

SSAs 
11.21% 56.80% 59.80% 60.49% 3.23% 2.12% 

 
20.00% 

Difference 

ratio between 

within and 

outside SSAs 

47.92% 61.35% 173.20% 152.82% 4.57% 19.77% 

 

100.83% 

 

The hierarchical clustering results reveal the spatial differences in the evolution of 18 

stations of the Metro Line 11. The dendrogram generated by hierarchal cluster 

analysis (Figure 5.3) suggests that the 18 stations can be grouped into five clusters. 

Figure 5.4 shows the spatial distribution of these 5 clusters. Cluster 1 (C1) is business 

station with the highest density of restaurants, retail, business, and less residences, 

which are mainly distributed in Futian District and Nanshan District, which is well-

established area. Cluster 2 (C2) is recreation station, which concentrated restaurants 

and retail. Cluster 3 (C3) is residential station located in suburbs with a lot of 

residential buildings. Cluster 4 (C4) is developing station, which is under construction. 

Cluster 5 (C5) is transportation station like the Airport. 
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Figure 5.3 The dendrogram of stations 

 

Figure 5.4 The result of cluster  

5.4.2 The spatiotemporal evolution of built environment in the station surrounding 

area 

5.4.2.1 The evolution of density 

The POIs and their KDEs in 2015 and 2019 are presented in Figure 5.5 Spatial 

differences exist in local built environment. Table 5.3 shows that after the operation of 

Metro Line 11, the density of residences in the business station increased by 87%. The 

increasing rate of retail density (70%) and business density (37%) also shows that rail 

transit promotes commercial facility. However, the density of restaurants (4.1%), floor 

area (3.77%), and road network (2.37%) increased by less than 10%. This is because 

the business station is relatively well developed with supporting facilities, and there is 

limited space for further growth. In the recreation station, retail (197.81%), residences 
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(130.49%), and businesses (278.74%) saw more than 100% growth after the opening 

of the metro. Businesses in the residential station grew by 247.79%. However, Figure 

5.5 shows that the construction of the metro has not brought about a large increase in 

the number of buildings, which only increased by 5.61% in the residential station and 

4.2% in the recreation station. In the developing station, restaurants (48.15%), retail 

(1,067.86%), residences (550%), businesses (289.42%), and buildings (17.63%) also 

present a fast-growing trend. Figure 5 shows that after the metro line 11 opening, the 

large-scale construction of new commercial buildings and residences was launched in 

the surrounding areas, and the newly built roads increased road density by 74.86%. 

Newly constructed buildings and roads are mainly concentrated in the reclaimed lands, 

which had previously been undeveloped. 

Table 5.3 The growth rate in density between 2015 and 2019 for 5 clusters of station 

 Restaurant Retail Residence Business 
Floor 

area 
Road 

C 1 4.10% 69.54% 87.13% 37.31% 3.77% 2.37% 

C 2 93.69% 197.81% 130.49% 278.74% 4.20% 5.90% 

C 3 90.57% 140.33% 164.38% 247.79% 5.61% 4.45% 

C 4 48.15% 1,067.86% 550.00% 289.42% 17.63% 74.86% 

C 5 5.33% 41.53% 23.53% 2.56% 1.02% 0.66% 
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Figure 5.5 The change in POIs, road network and buildings in the station surrounding 

area. (a) POI kernel density estimation in 2015 and 2019, (b) road network kernel 

density estimation in 2015 and 2019, (c) buildings in 2015 and 2019 
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To explore the spatiotemporal evolution of the built environment in SSAs, four 

representative stations were examined to evaluate the results. The transportation station 

contains the Airport Station and North Airport Station, which is single-use land for the 

airport. Construction has been completed, and further developments are restricted by 

the airport. Therefore, the change in the built environment of the transportation stations 

is not analyzed. The locations of these four representative stations are shown in Figure 

5.6. 

The density of POIs around the four stations representative of each of the 4 station 

clusters was estimated to explore the evolution of different cluster of station (Figure 

5.7). In the business station, the station area reflects high-density development around 

the station. The stations located in the recreation station and residential station are 

surrounded by old houses and factories. Thus, there is little open space for new 

buildings. However, facilities show a tendency to concentrate towards the stations. For 

example, the number of restaurants and residences in the recreation station and retail in 

the residential station increased and concentrated towards the stations (Figure 5.7b and 

Figure 5.7c). Furthermore, the developing station still has much empty land for future 

use (Figure 5.7 d). 

 

Figure 5.6 Location of representative stations 
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Figure 5.7 The evolution of facility density around four representative stations from 

2015 to 2019   

To further evaluate the spatiotemporal agglomeration of facility density in the station 

surrounding area, Table 5.3 shows the change in the facility gravity center around four 

representative stations between 2015 and 2019, and Figure 8 shows the facility gravity 

center around four representative stations from 2015 to 2019 (Figure 5.8). It can be seen 

that the gravity center of the land use for the four clusters of stations has moved in 

different directions, with the most significant changes occurring in the recreation station 

and residential station. Restaurants and retail in the business station tended to move 

away from the station by 70 and 80 meters, respectively, mainly because the retail space 

in the city center had already been developed. Retail and restaurants further expanded 
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to the south of the station, causing the center of gravity to move 65 meters away from 

the station (Figure 5.8a). Residences in the city center tended to move toward the center 

of the station because of hotels and business apartments newly opened above the metro 

station since it began operation. Companies did not move significantly, mainly because 

there was no increase in the number of office buildings. Thus, the business gravity 

center remained relatively stable. The gravity center of the restaurants (-120 meters) 

and residences (-90 meters) in the recreation station all exhibited a prominent shift 

toward the station, which was mainly due to the agglomeration effect caused by the 

rapid growth of restaurants and service facilities around the recreation stations as 

ridership rises. The gravity center of businesses in the residential station also presented 

a tendency to move towards the station, moving 90 meters closer. However, the center 

of gravity of businesses in the recreation station did not change significantly, mainly 

because the recreation station is not a significant commercial area, and the development 

of commercial office buildings was stable. In the developing station, restaurants moved 

100 meters toward the station, indicating that the development and construction of the 

newly developed area were concentrated near the metro station.  

Table 5.4 The change in the gravity center of facilities around four representative 

stations between 2015 and 2019 

  2015(m) 2019(m) Change(m) 

C1 

Restaurants 110 190 80 

Retail 40 110 70 

Residences 280 170 -110 

Businesses 240 260 20 

C2 

Restaurants 300 180 -120 

Retail 190 140 -50 

Residences 120 30 -90 

Businesses 170 180 10 

C3 Restaurants 100 105 5 
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Retail 90 75 -15 

Residences 180 30 -150 

Businesses 170 80 -90 

C4 

Restaurants 500 400 -100 

Retail 500 410 -90 

Residences 400 340 -60 

Businesses 510 420 -90 
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Figure 5.8 The evolution of the facility gravity center at 4 representative stations from 

2015 to 2019.  
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5.4.2.2 The evolution of diversity 

There are spatial differences in the changes in Shannon entropy among rail transit 

stations (Table 5.5). The diversity index of the business station and recreation station 

increased by only 3.45% and 5.76%, respectively. The residential station showed rapid 

growth of 9.46%, which is mainly attributed to the pre-metro simple land-use pattern 

in the residential station dominated by residential land or industrial plants. After the 

operation of the metro began, the increase in ridership stimulated drastic growth in 

residences and retail, enriching the clusters of land use around metro stations. The built 

environment in the station surrounding the area in the newly developed area exhibited 

the most significant increase in diversity, with a 17% increase, mainly because newly 

developed areas lack mature communities. This indicates the positive effect of the 

opening of rail transit on the degree of mixing in the newly developed area. 

Table 5.5 The growth rate of diversity for 5 clusters of stations between 2015 and 2019 

 Mixed land use 

C1 3.45% 

C2 5.76% 

C3 9.46% 

C4 16.56% 

C5 0.11% 

To further explore the spatial-temporal characteristics of diversity in the station 

surrounding area, we compared the standard deviation ellipses of four clusters of 

representative stations between 2015 and 2019 (Figure 5.9) and calculated the 

difference between the long and short axes of the ellipses (Table 5.6). It was found that 

the direction distribution of land use near the four clusters of stations shifted after rail 

transit began operation. The difference in the axes of restaurants decreased by 26.34 

meters in the business station, 102.95 meters in the recreation station, 9.21 meters in 

the residential station and 20.31 meters in the developing station. This shows that 

restaurants exhibited a trend of weakened directionality and experienced more balanced 
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development in four directions to increase the diversity around the station. The 

residences in the business station showed stronger directionality, which increased the 

difference in the axes by 104.82 meters, indicating that the development of residential 

and hotel areas was more concentrated to the northwestern and southeastern of the 

station and had low diversity to the northeastern and southeastern of the station (Figure 

5.9a). The difference in the axes of businesses increased by 138.72 meters in the 

residential station, and the figure shows that businesses were more concentrated in the 

northern and southern of the station and less concentrated in the eastern and western of 

the station (Figure 5.9c). The analysis of direction distribution revealed the impact on 

the diversity growth from restaurants after the opening of rail transit. However, rail 

transit opening has little effect on the separation of companies and residences. The land 

use of residences and companies did not show a trend toward mixed development but 

rather displayed a trend of single development. 

Table 5.6 The change in directional distribution at four representative stations between 

2015 and 2019 

  2015(m) 2019(m) Change(m) 

C1 

Restaurants 146.88 120.54 -26.34 

Retail 84.88 119.14 34.26 

Residences 120.54 225.36 104.82 

Businesses 179.73 169.81 -9.92 

C2 

Restaurants 189.76 86.81 -102.95 

Retail 198.73 98.95 -99.78 

Residences 86.81 208.26 121.45 

Businesses 51.49 75.56 24.07 

C3 

Restaurants 55.26 46.05 -9.21 

Retail 38.41 83.54 45.13 

Residences 46.05 165.59 119.53 

Businesses 52.37 191.09 138.72 
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C4 

Restaurants 68.50 48.18 -20.31 

Retail 126.67 127.03 0.36 

Residences 48.18 191.27 143.09 

Businesses 126.78 175.19 48.41 

 

 

Figure 5.9 The change in directional distribution at 4 representative metro stations from 

2015 to 2019  
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5.4.2.3 The evolution of design 

From Table 5.7, we find that the number of bike lanes increased only by 3.13% in the 

business station, and no new pedestrian bridges were built. However, the number of 

bike lanes increased by 33% in the residential station, and pedestrian bridges increased 

by 233%, which shows that nonmotorized traffic system infrastructure improved the 

walking environment in the residential station. The developing station showed the 

fastest growth in bike lanes and pedestrian bridges, at 92.31% and 200% growth, 

respectively, as there had been no nonmotorized traffic system network before the 

station opened. 

Table 5.7 The growth rate in design for the 5 clusters of stations between 2015 and 

2019 

 Bike lanes 
Pedestrian 

bridges 

C1 3.13% 0.00% 

C2 11.36% 50.00% 

C3 33.33% 233.33% 

C4 92.31% 200.00% 

C5 0.00% 0.00% 

 

5.4.2.4 The evolution of destination accessibility 

The changes in destination accessibility after the launch of the rail transit are the most 

prominent (Table 5.8). By comparing the time taken to travel from the residential 

station to Futian Station in the core area of the city by car before the opening of the 

metro and by rail transit after the operation of the metro, it was found that the time to 

reach the city center by rail transit during the morning and evening rush hours was 

reduced by 130 minutes compared to bus travel and by 55 minutes compared to private 

car travel. During non-rush hours, the time to reach the city center by rail transit was 

100 minutes less than that by bus and 35 minutes less than that by private car. This 
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demonstrates that rail transit possesses great advantages in terms of destination 

accessibility and can significantly reduce commuting time. 

Table 5.8 The growth in destination accessibility for 4 clusters of stations 

  Peak hours Off peak hours 

C1 -12% -4.3% 

C2 -80% -40% 

C3 -110% 90% 

C4 -159% -85% 

C5 120% 55% 

 

5.4.2.5 The evolution of distance to public transit 

Table 8 shows the difference in the average distance from facilities to stations between 

2015 and 2019. The average distance from residences to the station decreased by 6.51%, 

and that from retail to the station decreased by 1.27% in the business station. The 

average distances from restaurants, retail, residences, and businesses to stations all 

decreased. Convenient connection proves that the TOD strategy can guide rail transit 

to focus the connection with the built environment around stations, facilitate travel for 

passengers and attract residents to use public transportation. However, the average 

distance from a business to the station increased 1.26% because office buildings are 

concentrated in the peripheral area of the stations, and the construction of new offices 

increased the average distance to the station. In the developing station, the average 

distance from a residence and retail to the station increased 27.19% and 2.07%, 

respectively. 
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Table 5.9 The change in distance to public transit for 5 clusters of station  

 Restaurants Retail Residences Businesses 

C1 0.70% -1.27% -6.51% 1.26% 

C2 -1.66% 1.10% -3.68% 0.62% 

C3 -4.61% -1.24% -7.36% -4.47% 

C4 -17.12% 2.07% 27.19% -6.14% 

C5 0.00% 0.00% -0.21% 0.00% 

 

To further explore the spatial characteristics of distance to public transit, Figure 5.10 

shows the growth rate in the distance from restaurants, retail, residences, and business 

facilities to station exits from 2015 to 2019. Restaurants in the recreation station and 

residential station developed rapidly within 200 meters around the station and again at 

600 meters to the station. The retail growth rate gradient decreases from stations in the 

residential station. The development of retail does not exhibit a significant gradient 

change around the stations in the business station. The increase in residential buildings 

is distributed in areas 300 meters away from the metro station. More rapid growth in 

the residence area is observed in villages and towns within 600-800 meters of the station. 

The businesses in the residential station also developed quickly within 300 meters to 

500 meters from the station, which is ascribed to few companies being located in the 

residential station prior to the station opening. The companies around other clusters of 

stations present a gradually increasing trend outward, reflecting that business facilities 

are mainly distributed in the range of 500-800 meters of the station. 
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Figure 5.10 The facility growth rate by distance to station exit for 2015 to 2019. (a) 

Restaurants, (b) Retail, (c) Residences, (d) Businesses 

Figure 5.11 displays a heat map of the increase in facilities in representative metro 

stations after metro opening, showing the temporal characteristics of changes in the 

distance to public transit. We find that the facility increase in the business station is 

symmetrical year by year (Figure 5.11a). In the recreation station, facilities do not 

increase close to the station. The highest increase in restaurants and businesses occurred 

in the first year, and the highest increase in residences occurred in the second year 

(Figure 5.11b). In the suburban area, the increases in restaurants, retail, and residences 

are concentrated at the station and rapidly increased starting in the first year (Figure 

5.11c). The facilities increase in the developing station is concentrated at the station 

exits. Restaurants quickly increased starting in the second year of metro opening, and 

retail quickly increased from the first year of opening. 
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Figure 5.11 Heat map of the facility increase at 4 representative metro stations from 

2015 to 2019.  

5.5 Discussion and Conclusion  

The experiment in Shenzhen, China, demonstrates that rail transit has different 

influences on built environment of different stations. The TOD strategy has a more 

substantial impact on recreation station, residential station, and developing station. The 

rail transit system connects the central area and residential station of the city, which 

greatly shortens the travel time between suburban and downtown areas and enhances 

the accessibility to public transportation. Owing to high rents in the city center, people 
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working in the downtown are willing to move to the residential station, which drives 

the growth of the resident population in the suburban center (An et al., 2019). To adapt 

to the change in the resident population, the supply of residences increases through the 

transformation of factories into apartments when there is no increase in the number of 

buildings (Wang et al., 2019). The growth of the number of residences attracts more 

people to live in the residential station, given the same commuting time, which in turn 

stimulates the high-density and mixed development of supporting facilities around 

metro stations such as restaurants, retail outlets, sports facilities, and shopping outlets, 

thereby providing more convenience to residents in their daily lives and making metro 

stations as the residents' activity center. As past research divided TOD into city center 

level and neighborhood level (Curtis, 2008), these findings suggest that different urban 

areas should adopt different TOD strategies, focusing on the development of business 

categories with different functions according to their locations. Rail transit promotes 

development in urban centers, but the residential station changes faster than urban 

centers, giving better play to the utility of different functional areas in the city to 

maximize the effectiveness of the TOD strategy and reshape the built environment. 

Unlike traditional TOD studies relying on traditional data such as land-use maps, this 

study used multisource non-traditional data and found that the operation of rail transit 

has produced a significant impact on built environment around stations. The facility 

development in SSA is faster than those outside, supporting the positive effect of rail 

transit on the local built environment. The urban spatial layout has started to concentrate 

on rail transit stations. This finding supports past research that found that TOD 

contributes to the development of areas surrounding stations since it prefers to arrange 

public facilities related to the basic life of citizens within walking range to public transit 

stations, which form a transit system that is high-density and diversified, and has a low 

commuting time (Lyu et al., 2020; Xia et al., 2019). Additionally, the high-density 

development around stations created more dwelling space and business facilities and 

thereby provided a sufficient number of passengers to the public transit system for the 

purpose of realizing its intensive and sustainable development for urban traffic. 
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Previous TOD spatial structure model ignored the difference of time and space (Ewing 

& Cervero, 2010a). Using multisource big data, this study examines the spatiotemporal 

heterogeneity between stations and provides a spatial structure evolution model for 

metro stations (Figure 5.12), which reflects the impact of rail transit on these areas. 

Agglomeration effects and development featuring gradient decreases have been 

gradually formed around rail transit stations. This study shows that the restaurants, 

retail, residences, and business facilities increase toward metro stations. In addition, the 

patterns of changes in agglomeration vary among business categories. Restaurants 

show the highest degree of agglomeration around stations, indicating that they are most 

affected by rail transit.  

However, this study also showed that not all development in stations surrounding areas 

tends to concentrate and densify toward stations. Restricted by previous planning, some 

stations were blocked by factories in the industrial zone, resulting in a lack of 

supporting commercial infrastructure in these areas within a 5-minute walk to stations, 

making it impossible to form a business zone around these stations. The original 

industrial land can be transformed into mixed commercial land so that high-density and 

mixed development can be established for built environment. 

Multisource non-traditional data were used in this study to conduct micro and detailed 

area research, avoiding the limitations of previous studies, which suffered from weak 

timeliness and small sample sizes. A longitudinal study can also support long-term 

follow up observations on changes in the built environment. Multisource non-

traditional data can reflect changes in the actual use of the built environment (Zhou et 

al., 2019, 2020). In the TOD strategy, although there is no remarkable growth in urban 

buildings, the increase in the flow of people contributes to the spontaneous formation 

of business zones around rail transit stations, and their functional forms have undergone 

enormous changes. 
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Figure 5.12 Spatial Structure Evolution Model of the Metro Station Surrounding Area.  
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TOD in the context of China shows different classification characteristics than those in 

Western countries. China’s urbanization exhibits multiple distinctive characteristics. 

The “unit system” and “neighborhood” communities feature high-density and diverse 

land development (Zhang, 2007). Chinese people prefer to live a gregarious lifestyle, 

resulting in the high-density-oriented development of new urban areas, which is 

different from the low-density and single land use in Western cities. 

In summary, this study contributes to a more comprehensive understanding of the 

dynamic impact of TOD on built environment at station-level through longitudinal 

research design. It uses multisource spatial-temporal non-traditional data collected 

before and after the metro operation to compute the TOD indicators. The hierarchical 

clustering method is used to analyze the differences between stations. Changes in the 

density, diversity, and distance to public stations are analyzed through the gravity center 

transfer, directional distribution, and gradient analysis, respectively. The empirical 

study in Shenzhen, China, suggests that the impact of new rail transit on built 

environment is with the spatiotemporal heterogeneity. Compared with business stations, 

developing stations, and the residential stations are more significantly affected by new 

rail transit and have a significant agglomeration effect on surrounding built 

environment and also find new rail transit not only promotes the development of urban 

centers but also has a high impact on suburbs. These results suggest that different TOD 

strategies should be adopted in different urban areas. More attention should be paid to 

the development of TOD communities in recreation and residential station in the future. 
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Chapter 6 Co-Evolution of the Rail Transit Station Built 

Environment and Ridership: A Study Using Big and Non-

Traditional data 

6.1 Introduction and Motivation  

6.1.1 Research Background  

Cities have suffered from heavy traffic congestion and air pollution due to the rapid 

growth of private car ownership over the past decades (Pan et al., 2017). In response, 

many metropolises have advocated the transit-oriented development (TOD) strategy to 

build and upgrade urban rail transit systems, which aim to reduce private car usage and 

encourage public transport travel in America, Asia, and Europe (Ewing & Cervero, 

2010; Stevens, 2017; Zhou et al., 2018). Urban rail transit systems help to alleviate 

traffic congestion and reduce private car use because of their speed and efficiency. With 

the rapid growth of rail transit development in China, many studies have focused on 

investigating the main factors affecting the ridership of urban rail transit (Zhao, 2013; 

An et al., 2019; Gan et al., 2020). Understanding the association between ridership and 

other factors helps support public transport operators and policy-makers to increase trip 

demand and improve the efficiency of public transport systems (Shao et al., 2020). 

6.1.2 The impact of built environment on ridership 

The built environment is considered to be one of the main factors affecting rail transit 

ridership (Jun, et al., 2015, Kim et al., 2016). Although studies are mounting on the 

relationship between different aspects of the built environment and rail transit ridership, 

there are three major limitations in existing studies. First, existing relevant studies are 

based on a static perspective by utilizing cross-sectional data such as census (Ding et 

al., 2019) traffic surveys (Zhao, 2013; Kim et al., 2016) with built environment and 
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ridership measured at one point in time (Li, et al., 2020). Such an approach neglects the 

fact that the built environment and rail transit ridership change along with the urban 

development process over time. Cross-sectional research can only reveal statistical 

associations, but it is difficult to evaluate the causal relationship between the built 

environment and ridership (Kim, et al., 2016). As China's urbanization and rail transit 

construction are undergoing rapid development, some scholars have recommended that 

the dynamic perspective based on longitudinal data is the ideal study design for 

revealing the genuine influence of the built environment on travel behavior  

(Mokhtarian & Cao, 2008; Cao, 2009; Wang & Lin, 2014). Therefore, understanding 

how the built environment affects ridership over time based on longitudinal empirical 

analysis is urgently needed for public transport demand evaluation. 

Second, current research suffers from an inconsistent measurement of the built 

environment, resulting in inconsistent and non-comparable results between empirical 

studies. This is mainly because most of the existing studies use traditional cross-

sectional single-source data, such as censuses (Ding et al., 2019) and traffic surveys 

(Zhao, 2013; Kim et al., 2016), resulting in built environment variables limited by the 

availability of the data source. Moreover, the built environment measurement still 

varies drastically between studies. Lacking a systematic measurement framework for 

the built environment results in difficulties in translating research results into practical 

urban policies for different contextual settings. At present, the TOD model has become 

the main measurement basis for the built environment in transportation studies (Loo & 

du Verle, 2017; Knowles et al., 2020). The TOD model measures the characteristics of 

the built environment of public transportation stations from three indicators: density, 

diversity, and design (Cervero et al., 1997). With the rapid development of big data 

analysis technology, recent studies have made efforts to comprehensively measure the 

built environment by integrating multisource spatiotemporal data into analysis. Many 

studies have found that multisource spatiotemporal non-traditional data can better use 

the TOD 3D mode to comprehensively measure the built environment around rail transit 

stations than traditional data (Zhou et al., 2018, 2019). 
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Third, the definition of pedestrian catchment areas (PCAs) is inconsistent in existing 

studies. Most studies use concentric circular buffer zones to define pedestrian 

catchment areas (PCAs) with different radii in different cities (Gan et al., 2020; Kim et 

al., 2016; Zhao, 2013). However, while the concentric circular buffer zone method 

might be suitable for studying the macroscopic form of the urban level, it is difficult to 

conduct accurate spatial analysis of the microscopic built environment at the station 

level. There is also research on superimposing Thiessen polygons on the buffer zone to 

distinguish the research area under different terrain conditions (Li, et al., 2020). To date, 

there is no research applying non-traditional data to definite the fine scale built 

environment at the station level. 

6.1.3 Research Objectives 

To fill these research gaps, this research aims to investigate the dynamic relationship 

between the built environment and rail transit ridership in fast-growing Chinese cities 

with different temporal contexts. To achieve this goal, Shenzhen Metro Line 7, 9, and 

11, which opened in 2016, were used as the study case. This study utilizes multiple 

spatiotemporal data sources, including smart card data, POI data, building data, and 

road network data from 2016 to 2019. With the multisource panel data, we can address 

the abovementioned research gaps by investigating the effect of the built environment 

on rail transit ridership over 4 years and examining the temporal differences of the built 

environment-ridership relationship in the weekdays, weekends and morning peak hours, 

evening peak hours and off- peak hours in the weekday. The TOD 3D model (density, 

diversity, and design) (Ewing and Cervero, 2010) was adopted to establish a dynamic 

analysis framework based on multisource non-traditional data. Answers to the 

following questions after the opening of the new rail transit line will be made clear: (1) 

What are the main built environment factors affecting metro ridership at a fine scale 

over a long period of time? (2) Is there any temporal heterogeneity of the built 

environment affecting ridership on a day of the week and time of the day? 

This study makes three contributions to the literature. First, this research fills the gap 
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in empirical research on the long-term dynamic impact of the built environment on 

metro ridership, which enriches the literature relevant to research from a dynamic 

perspective. The results provide new empirical evidence for TOD implications in a 

rapidly expanding urban city, especially for cities in developing countries. Second, 

using longitudinal research design and spatiotemporal non-traditional data, this 

research established an analysis framework for fine scale built environment and 

ridership research based on the TOD 3D model at station level, which supplements the 

previous cross-sectional and small sample questionnaire method research. The results 

can provide accurate quantitative support for future TOD planning and ridership 

demand predicting a new metro line. 

6.2 Study Area and Dataset 

6.2.1 Study area 

This study selected Shenzhen for its case study. Shenzhen has experienced rapid 

urbanization and motorization since 1979. The first metro line in Shenzhen was opened 

in 2004. To date, Shenzhen has built 422 km of metro lines and 283 metro stations. In 

addition, there are still 12 lines under construction in the Shenzhen Phase-IV Project. 

By 2035, the rail transit mileage in Shenzhen will reach 1,335 km (Shenzhen Metro, 

2022). With the increase in the mileage of Shenzhen metro lines, the ridership of the 

Shenzhen metro is also increasing rapidly over time. The average daily metro ridership 

in Shenzhen reached 7.7 million in 2020 (Shenzhen Metro Annual Report, 2020). 

Meanwhile, during the construction of the Shenzhen metro, the concept of public 

transport priority and green travel was actively promoted, and the connection between 

metro stations and surrounding buildings and facilities was strengthened during the 

design of stations to attract more residents to travel by the metro. According to the 

statistics of the Shenzhen Rail Construction Office (2020), the Shenzhen metro 

accounted for 54.5% of the city’s transit trip in 2020, becoming the main travel mode 

in the city. In 2020, the annual ridership of the Shenzhen metro was 1.4 billion, 
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equivalent to an annual carbon emission reduction of 32,000 tons (Shenzhen Metro 

Annual Report, 2020). 

To explore the relationship between the built environment and ridership after the 

opening of new metro lines, three new lines that opened in 2016 (including Shenzhen 

Metro Lines 7, 9 and 11) were selected for the case study. Shenzhen Metro Line 7 is an 

east–west route in the city center area, which connects Luohu District, Futian District 

and Nanshan District, with a total length of 30 km, 28 stations and an average daily 

ridership of 600,000. Shenzhen Metro Line 9 was constructed in two phases, with a 

total length of 36 km, 32 stations and an average daily ridership of 500,000. The first 

phase is 25 km long with 22 stations, while the second phase is 10 km long and was put 

into operation in 2019. To unify the research time of the three lines, only the stations in 

the first phase of Line 9 opened in 2016 are included in this study. Shenzhen Metro 

Line 11 is a fast metro line connecting Futian District, Nanshan District and Bao’an 

District in the suburbs. It is 51 km in total and has 18 stations. As Line 11 plays the role 

of airport express lines and suburban commuter rails simultaneously, its maximum 

running speed is increased to 120 km/h from 80 km/h of the normal metro in design. 

The lines selected in this study were opened in the same year, and their stations covered 

the main commercial areas, residential areas and industrial areas in the city center and 

suburban areas. Therefore, they are representative of studies on built environments and 

ridership (Shenzhen Metro, 2020). 
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Figure 6.1 Study Area of Shenzhen City 

6.2.2 Datasets 

This study used non-traditional data, including smart card data, Gaode and Baidu Map 

data and data from the Lianjia web, to capture metro ridership and built environment 

variables. The metro ridership data were sourced from the Department of Shenzhen 

Metro. In Shenzhen, smart cards have been used since 2004. By 2019, passengers using 

smart cards for work and residential travel accounted for more than 91% of the total 

commuting ridership (Shenzhen Metro, 2020). The ridership data in this study covered 

the metro smart card swiping data of one week in each month from October 2016 to 

December 2019.  

These cards are held anonymously, but the passenger's consumption records, including 

the anonymous card ID, the card swiping type (boarding or alighting), swiping time, 

and swiping station, are all recorded. Table 6.1 presents an example of the swiping card 

data. The weekly card swiping data are divided into two types: weekdays (Monday to 

Friday) and weekends (Saturday and Sunday). The daily card swiping data on weekdays 

are divided into three types: morning peak hours (7:00-10:00), off-peak hours (10:00-

17:00), and evening peak hours (17:00-20:00) (Gan et al., 2020). 
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Table 6.1 Descriptive statistics of ridership 

    

Variable Min Max Mean 

Std. 

deviat

ion 

Description 

Boarding -

weekday 
184 35396 10707 8010 

The sum of the boarding 

ridership per station in weekday 

Alighting -

weekday 
180 39072 10867 7790 

The sum of the alighting 

ridership per station in weekday 

Boarding -

weekend 
42 28080 7418 6435 

The sum of the boarding 

ridership per station in weekend 

Alighting -

weekend 
99 27943 7606 6023 

The sum of the alighting 

ridership per station in weekend 

Boarding -

morning 
42 18954 3526 2847 

The sum of the boarding 

ridership per station in morning 

peak hours (7 am-10 am) 

Alighting -

morning 
39 15695 3640 2881 

The sum of the alighting 

ridership per station in morning 

peak hours (7 am-10 am) 

Boarding -

evening 
46 15219 3814 2812 

The sum of the boarding 

ridership per station in morning 

peak hours (5 pm-8 pm) 

Alighting -

evening 
69 19450 3478 2672 

The sum of the alighting 

ridership per station in morning 

peak hours (5 pm- 8 pm) 

Boarding -

off-peak 
57 11370 2270 1782 

The sum of the boarding 

ridership per station in morning 

peak hours (10 am-5 pm) 

Alighting -

off-peak 
61 7837 2412. 1740 

The sum of the alighting 

ridership per station in morning 

off-peak hours (10 am-5 pm) 

 

The built environment data include land use, building, transportation facilities data, and 

resident and employee population data (An et al., 2019; Chen et al., 2019; Ma et al., 

2018; Pan et al., 2017; Shao et al., 2020). This study characterized the built environment 

with both traditional and non-traditional data from multiple sources, such as point of 
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interest (POI), web maps, and mobile cellular signaling data. The POI data are used to 

represent land use (An et al., 2019; Chen et al., 2019). The POI data come from the 

Gaode Map application programming interface (API), which was collected on 

December 31, 2016/2017/2018/2019. POI data have 6 categories, including restaurants, 

retail, education, health care, entertainment, and residence facilities. The building data 

included building floor areas, office buildings, and new and secondhand apartment data. 

The building floor area data and office building data come from the Baidu Map API, 

collected from December 31, 2016 to 2019 (Li et al., 2020). The secondhand apartment 

sales statistics were collected from the Lianjia.com website, which is the largest online 

platform for apartment acquisition and trading information in China (Gan et al., 2020; 

Li, Wei, et al., 2019; Ren et al., 2020). The transportation facility data are collected 

from the Baidu Map API, including bus stops and road networks (Shao et al., 2020; 

Sung & Oh, 2011; Zhao, 2013). 

The resident population and employed population were collected from mobile signal 

data of China Unicom in December 2016, 2017, 2018 and 2019. Mobile signal data, 

characterized by a large sample size, fast update speed and high positional accuracy, 

outperform traditional census data in measuring the actual residential population and 

employed population. In this study, we operationalize the residential and employed 

population flowing practices from previous research (Pan et al., 2017). If a mobile 

phone number is located in the same place from 10:00 pm to 6:00 am the next day for 

more than 20 days every month, its holder is classified into the resident population. If 

a mobile phone number is located in the same place from 10:00-12:00 am and from 

2:00-4:00 pm for more than 15 days every month, its holder is identified as part of the 

employed population in the area. 

6.3 Methodology 

The goal of this study is to examine the impact of built environment evolution on station 

ridership over time. Thus, this study first defines the scope of the actual pedestrian 

catchment areas (PCAs) of the station and then uses the TOD 3D model to measure the 
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built environment within the identified PCAs. Thereafter, this study uses pooled 

ordinary least squares (OLS) and panel regression methods, including a fixed effect 

model and random effect model, to examine the influence of density, diversity, and 

design on boarding and alighting ridership over the period of 2016 to 2019. Figure 6.2 

shows the workflow of the framework. 

 

Figure 6.2 The workflow of the framework. 

6.3.1 Actual pedestrian catchment areas of the metro station 

In past studies on the built environment of public transport stations, the concentric circle 

buffer centering on metro stations was mainly adopted as the pedestrian catchment areas 

(PCAs) of metro stations (Chen et al., 2019; Gan et al., 2020; Guzman & Gomez 

Cardona, 2021; Jun et al., 2015; Shao et al., 2020; Sung & Oh, 2011; Zhao, 2013). In 

China, a circular buffer area with a radius of 800 m is broadly employed as the PCA 

study area (Gan et al., 2020; Li et al., 2020; Zhao, 2013). However, it is impossible for 

people to walk straight from the metro station to surrounding areas in the real world. 

People have to walk along irregular road networks and bypass obstacles such as rivers 

and buildings. In addition, the exits of each station are irregular, especially the transfer 
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stations, which offer more than 4 exits in different directions with a long distance 

between them. Therefore, the concentric circle buffer cannot accurately represent the 

PCAs of the station. In this study, the walking path planning function of internet maps 

is introduced into research on built environments for the first time to accurately depict 

the actual walking range around stations. 

In this study, the actual 800 m walking buffer zone is adopted based on the walking 

path planning of Gaode Map. At present, Gaode Map is the most widely applied internet 

map in China and is used over 100 million times per day on average (Gaode Map, 2020). 

Due to its wide application and business class data services that have been tested in a 

large number of practical scenarios, Gaode Map has become one of the most accurate 

walking path planning applications in China. There are five steps to determine the actual 

pedestrian catchment areas of metro stations. First, a buffer zone centering on the metro 

station with a radius of 1,200 meters was created in ArcMap. Second, a dot matrix with 

the unit of 10 m was created in the buffer zone. Third, the walking path planning API 

function of Gaode Map was used to calculate the dot matrix at which pedestrians could 

arrive after walking 800 m from each exit of the metro station. Fourth, the dot matrix 

of arrivals was extracted by ArcGIS to obtain the actual walking area of 800 m away 

from the metro exit. Finally, the overlapping part of buffer zones of two adjacent 

stations, were identified according to the shortest distance to the exit of station.  

Two representative traditional circle buffers are compared with those based on path 

planning in Figure 6.3 Futian Station is a transfer station of 4 metro lines and 1 high-

speed rail line, with 32 exits. Therefore, the actual walking range of exits is larger than 

the concentric buffer zone centering on the station, as shown in Figure 6.3(a). Figure 

6.3(b) shows that coastlines and lakes restrict the walking area on the south and north 

sides of the station. 
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(a)                                       (b) 

Figure 6.3 (a) the PCA of the Futian metro station; (b) the PCA of the Shenzhen Bay 

Park metro station 
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Figure 6.4 Actual PCAs of metro station in Line 7/9/11 

6.3.2 Built environment measurement 

The TOD 3D model, including density, diversity and design, has been used to measure 

the built environment in PCAs of metro stations (Ewing & Cervero, 2010b). Table 4 

describes the statistics of the independent variables. 

This study calculates the density of restaurants, retail facilities, education facilities, 

health care facilities, entertainment facilities, residence facilities, office buildings, 

residence communities, new and secondhand apartments and floor areas.  

Diversity has been measured by Shannon entropy, which is widely used to measure the 
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complexity of a system (Gan et al., 2020; Shao et al., 2020).  

The density of the road network and bus stations, representing the total length of roads 

and the number of bus stations within a PCA, respectively, are used to measure the 

design factor. 

Table 6.2: Descriptive statistics of independent variables 

  Min Max Mean 
Std. 

deviation 
Description Source 

Density variables       

Residential population     

2016 1.00  55,569.00  19,369.30  13,429.64  
Number of 

residents per 

square kilometer 

China 

Unicom 

2017 4.00  58,132.00  20,248.76  13,981.02  

2018 7.00  60,227.00  20,922.45  14,414.72  

2019 11.00  63,531.00  21,875.25  15,104.17  

Employment population         

2016 20.00  173,666 42,235.96  38,496.38  Number of 

employees 

population per 

square kilometer 

China 

Unicom 

2017 27.00  178,718 43,696.97  39,592.91  

2018 35.00  183,316 44,926.43  40,569.81  

2019 43.00  190,033 46,913.70  42,047.32  

Restaurant           

2016 0.50  755.50  226.01  171.15  
Restaurants, 

cafes per square 

kilometer 

Gaode Map 
2017 0.50  873.00  270.40  204.63  

2018 0.70  969.00  321.61  235.27  

2019 0.80  1,037.50  347.71  248.88  

Retail       

2016 0.00  1,073.00  366.96  294.11  Retail facilities 

including shops, 

supermarkets per 

square kilometer 

Gaode Map 
2017 0.00  1,251.00  470.01  335.57  

2018 0.00  1,687.50  572.82  432.69  

2019 0.00  2,605.50  645.46  533.34  

Education       

2016 0.00  113.95  39.64  27.71  
Education 

facilities per 

square kilometer 

Gaode Map 
2017 0.00  158.24  53.27  37.54  

2018 0.00  185.61  66.06  45.38  

2019 0.00  192.50  80.32  51.90  

Health Care       

2016 0.00  112.46  28.11  112.46  Gaode Map 
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2017 0.00  112.96  35.98  112.96  Health care 

facilities and 

pharmacies per 

square kilometer 

2018 0.00  119.92  40.51  119.92  

2019 0.00  120.02  44.12  120.02  

Entertainment       

2016 0.00  91.50  24.87  91.50  
Entertainment 

facilities per 

square kilometer 

Gaode Map 
2017 0.00  102.00  37.82  102.00  

2018 0.00  151.50  41.03  151.50  

2019 0.00  148.50  46.40  148.50  

Office 

building 

      

2016 0.49  153.37  27.45  153.37  
Office building 

per square 

kilometer 

Gaode Map 
2017 0.50  170.50  30.89  170.50  

2018 1.00  185.50  34.70  185.50  

2019 1.02  193.80  42.53  193.80  

Residence 

community 

      

2016 0.00  59.50  20.45  59.50  
Residence 

communities per 

square kilometer 

Gaode Map 
2017 0.00  61.00  23.14  61.00  

2018 0.00  87.60  25.90  87.60  

2019 0.00  115.40  32.11  115.40  

Second-hand 

apartment 

     

2016 0.00  219.00  34.34  219.00  
Second-hand 

apartment per 

square kilometer 

Lianjia.com 
2017 0.00  367.00  41.85  367.00  

2018 0.00  454.00  48.70  454.00  

2019 0.00  487.00  49.96  487.00  

Floor area       

2016 0.00  8.21  2.97  8.21  
Building floor 

area per square 

kilometer 

Baidu Map 
2017 0.00  8.28  3.04  8.28  

2018 0.00  8.29  3.08  8.29  

2019 0.00  8.30  3.09  8.30  

Diversity variable     

Shannon entropy      

2016 0.36  0.83  0.65  0.83  

Shannon entropy  
2017 0.36  0.87  0.65  0.87  

2018 0.38  0.86  0.66  0.86  

2019 0.33  0.87  0.67  0.87  
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Design variables     

Density-bus stop      

2016 0.00  24.50  7.70  24.50  

Bus stop per 

square kilometer 
Gaode Map 

2017 0.00  23.00  7.80  23.00  

2018 0.00  21.50  8.07  21.50  

2019 0.00  22.50  8.31  22.50  

Density-road      

2016 1.78  18.82  12.21  18.82  

Road length per 

square kilometer 
Baidu Map 

2017 2.86  18.96  12.56  18.96  

2018 2.31  19.56  12.72  19.56  

2019 2.36  19.96  12.85  19.96  

 

6.3.3 Panel regression method 

Panel data regression is an effective method in traditional linear regression model to 

control the endogeneity problems caused by unobserved independent variates. Panel 

data is the sample information taken shaped by using multiple cross sections of time 

series and selecting sample survey data on the cross sections at the same time, which 

can overcome interference of multi-collinearity in time sequence study and offer more 

information and alterations. High degree of freedom and estimated efficiency, low 

collinearity (Wang et al., 2020). Previous studies on transportation have implemented 

panel data models to analyze the relationship between mobile applications and bus 

ridership (Brakewood et al., 2015), travel demand and urban spatial area (Su, 2010), 

rail transit and residential property values (Zhang & Jiao, 2019), high-speed rail travel 

and air travel (Chen et al., 2019). These studies suggest the efficacy and accuracy of 

panel regression in transportation studies. 

The general equation for the panel data regression can be written as: 

𝑌𝑖𝑡 =  ∑ 𝛽𝑖𝑋𝑖𝑡 +  𝜇𝑖 +  𝜖𝑡𝑖                                        (6.1)  

where Y is the ridership variable for the station, i represents Station i (i= 1, 2, ……78), 

t is the time dimension (t= 2016, 2017, 2018, 2019),  𝜇𝑖  is an unobservable and 

quantifiable random variable, and 𝜖𝑡 is a disturbance term. 
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The panel regression can be further divided into three types: pooled ordinary least 

square regression (OLS), fixed effects regression and random effects regression. The 

pooled OLS regression assumed that there was no significant difference between 

different individuals or between different cross sections. Fixed effects regression 

assumed the  𝜇𝑖 correlates to explanatory variables and has individual effects. Using 

OLS will lead to inconsistent estimates. Random effects regression assumes that  𝜇𝑖 

exists but is not correlated with explanatory variables. Using OLS will also lead to 

inconsistent estimates. The F test, LM test and Hausman test can determine which of 

these three regressions is more suitable for panel regression analysis (Chen et al., 2019; 

Chen & Jiang, 2020; Yu et al., 2021). 

6.4 Results 

6.4.1 The evolution of station ridership after the metro’s opening 

Tables 6.3/6.4 and figure 6.5 present the evolution of boarding and alighting ridership 

on weekdays and at the weekend over the period of 2016 to 2019. Figure 6.6 shows the 

evolution of boarding ridership on weekdays and weekend in each station of line 

7/9/11.Since the opening of the metro lines in 2016, the ridership on both weekdays and 

weekends grew rapidly. Specifically, we noticed the rapid weekday ridership growth 

between 2016 and 2017 with a growth rate at 42.99% for boarding and 48.68% for 

alighting ridership. For ridership on weekends, a substantial growth rate is observed 

between the year of 2017 and 2018 with 47.57% for boarding and 45.26% for alighting 

ridership. In general, the average boarding ridership increased 22.08% for weekdays 

and 26.04% for weekends while the average alighting ridership increased 23.7% for 

weekdays and 26.54% for weekends over the four-year period. In addition, our results 

show that the metro ridership on weekdays is higher than ridership on weekends. Yet, 

the weekend ridership exhibits higher average growth rate than ridership on weekdays. 

The weekday/ weekend ridership evolution is visualized by the line graph in Figure 6.6. 
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Table 6.3: The evolution of boarding and alighting ridership on weekdays and at the 

weekend 

  

Weekday  

Boarding 

ridership 

Weekday  

Alighting 

ridership 

Weekend  

Boarding 

ridership 

Weekend  

Alighting 

ridership 

2016 498,842  477,097  341,230  328,167  

2017 713,315  709,360  414,541  409,439  

2018 807,115  801,217  611,743  594,732  

2019 888,517  877,076  667,178  651,870  

Average 726,947.3 716,187.5 508,673 496,052 

 

Table 6.4 The growth rate of boarding and alighting ridership on weekdays and at the 

weekend 

  

Weekday  

Boarding 

ridership 

Weekday  

Alighting 

ridership 

Weekend  

Boarding 

ridership 

Weekend  

Alighting 

ridership 

2016-2017 42.99% 48.68% 21.48% 24.77% 

2017-2018 13.15% 12.95% 47.57% 45.26% 

2018-2019 10.09% 9.47% 9.06% 9.61% 

Average 22.08% 23.70% 26.04% 26.54% 
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Figure 6.5 The evolution of boarding and alighting ridership on weekdays and at the 

weekend 
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Figure 6.6 (a) The evolution of boarding ridership on weekdays (b) The evolution of boarding ridership at the weekend 
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Table 6.5/ 6.6 and figure 6.7 present the annual changes of ridership divided by different 

time periods of weekdays. Figure 6.8 shows the evolution of boarding ridership on 

morning peak hours, off-peak hours and evening peak hours in each station of line 

7/9/11. As shown in Table 6.5 the evening peak-hour alighting ridership accounts for 

the largest part of all types of ridership from 2016 to 2018. In 2019, the morning peak-

hour boarding ridership became the largest component of all types of ridership for the 

year. Table 6.6 suggests that all types of ridership received the largest growth rate 

between 2016 and 2017, ranging from 30.14% (Off-peak Boarding ridership) to 71.73% 

(Morning alighting ridership). The growth rate then slowed down since 2017 where all 

types of ridership received a growth rate less than 10%. While the ridership continues 

to increase steadily, the off-peak ridership experienced a decrease between 2018 and 

2019. In general, it can be seen that there are significant differences in the total ridership 

and growth characteristics for ridership at different time of the day. 

Table 6.5 The evolution of boarding and alighting ridership on morning/ evening peak 

hours and off-peak hours 

  

Morning 

Boarding 

ridership 

Morning 

Alighting 

ridership 

Off-peak 

Boarding 

ridership 

Off-pick 

Alighting 

ridership 

Evening 

Boarding 

ridership 

Evening 

Alighting 

ridership 

2016 146,306  139,119  127,322  112,385  161,695  171,294  

2017 244,088  238,908  165,699  158,905  235,190  258,984  

2018 266,814  261,095  178,871  171,964  255,798  283,747  

2019 316,531  304,634  173,641  164,377  278,213  306,416  

Average 243,434.8 235,939 161,383.3 151,907.8 232,724 255,110.3 
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Table 6.6 The growth rate of boarding and alighting ridership on morning/ evening peak 

hours and off-peak hours 

  

Morning 

Boarding 

ridership 

Morning 

Alighting 

ridership 

Off-peak 

Boarding 

ridership 

Off-pick 

Alighting 

ridership 

Evening 

Boarding 

ridership 

Evening 

Alighting 

ridership 

2016-

2017 
66.83% 71.73% 30.14% 41.39% 45.45% 51.19% 

2017-

2018 
9.31% 9.29% 7.95% 8.22% 8.76% 9.56% 

2018-

2019 
18.63% 16.68% -2.92% -4.41% 8.76% 7.99% 

Average 31.59% 32.56% 11.72% 15.07% 20.99% 22.91% 

 

 

Figure 6.7 The evolution of boarding and alighting ridership on morning/ evening peak 

hours and off-peak hours
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Figure 6.8 (a) The evolution of boarding ridership on morning peak hours; (b) The evolution of boarding ridership on off-peak hours; (c) The 

evolution of boarding ridership on evening peak hours 
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6.4.2 Built environment evolution 

As shown in Table 6.7 and Figure 6.9, there is also temporal heterogeneity in the 

evolution of the built environment. All the built environment variables have increased 

after metros opened. The density of educational facilities has increased to the greatest 

extent (26.66%). Besides, the density of entertainment facilities around metro stations 

also shows a rapid growth trend (24.54%). The increase in these variables does not 

show a linear trend in each year after metro operation. For example, the density of 

restaurants, retail, education, health care, new and secondhand apartments increase the 

most significantly in the first year, but the increases slow down year by year in the 

second and third years. In addition, the residential population and employment 

population increase steadily.  

Table 6.7 The increase rate of built environment at PCAs 

Built environment First year Second year Third year Average 

Residential 4.54% 3.33% 4.55% 4.14% 

Employment 3.46% 2.81% 4.42% 3.57% 

Restaurant 19.64% 18.94% 8.12% 15.56% 

Retail 28.08% 21.87% 12.68% 20.88% 

Education 34.40% 24.02% 21.58% 26.66% 

Health Care 28.00% 12.60% 8.90% 16.50% 

Entertainment 52.05% 8.48% 13.10% 24.54% 

Office building 12.51% 12.35% 22.55% 15.80% 

Residence 13.17% 11.91% 23.98% 16.35% 

Second-hand apartment 21.89% 16.37% 2.59% 13.62% 

Floor area 2.15% 1.53% 0.11% 1.27% 

Diversity -0.64% 2.01% 1.03% 0.80% 
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Figure 6.9 The evolution of built environment at PCAs (a) Residential; (b) Employment; 

(c) Restaurant; (d) Health Care; (e) Entertainment; (f) Second-hand apartment 
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6.4.3 Regression results 

To reveal the relationship between built environment and ridership, the TOD model was 

used to study the impact of change in built environment on metro ridership from 3 

perspectives including density, diversity, design. All the data used in this research were 

balanced panel data. The pool OLS model, fixed effect model, and random effect model 

were constructed respectively. According to the result of the F test, LM test and 

Hausman test, which all shows a 0.005 level of significance, the fixed effect models 

were suggested to be the optimal model. We, therefore, present the modeling results 

from the fixed effect models. Information about results of the F test, LM test, Hausman 

test and results of the pool OLS model and random effect model is included in the 

supplementary files. 

Table 6.8 presents the fixed effect panel regression results of built environment effect 

on all types of metro ridership. The panel regression analysis results show that R² of the 

model is between 0.324 and 0.646, which indicates that the explanatory power of this 

explanatory variable to ridership is 32.4%-64.6%. As the results show, the density of 

residential population has significant positive impact on boarding and alighting 

ridership on both weekdays and weekends. In addition, residential population is also a 

significant predictor for boarding and alighting ridership for all time periods except for 

boarding ridership in evening peak and off-peak hours. The density of employed 

population has no significant impact on the ridership on weekdays or weekends, but it 

has significant positive effect on alighting ridership in morning peak hours and 

boarding ridership in evening peak hours, and negative correlations with boarding 

ridership in morning peak hours and alighting ridership in evening peak hours. In 

addition, the regression results show that boarding ridership during off-peak hours is 

also significantly and positively associated with the employed population. As the 

previous studies paid little attention to the ridership in off-peak hours, they did not find 

that the employed population would also have a positive impact on metro ridership in 

off-peak hours.  
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In addition, the density of restaurant has a significant positive impact on both boarding 

and alighting ridership on weekdays and weekends. Regarding to different time of the 

day, restaurant density also serves as a significant predictor for alighting ridership in 

morning and evening peak hours on weekdays. Besides, restaurant density is also 

positively related to boarding ridership during off-peak hours. Moreover, the density of 

retail facilities is negatively related to morning peak-hour boarding and evening peak 

hour alighting ridership. Educational facilities are not significantly associated with any 

type of ridership. What’s more, significant positive association was found between 

density of health care facilities and metro ridership on weekdays and weekends, as well 

as boarding ridership in morning peak hours. Office buildings, residence communities 

and building area are not significantly correlated with the ridership. However, the 

density of second-hand apartment has a significant positive correlation with alighting 

ridership on weekdays, boarding ridership in morning peak hours and alighting 

ridership in evening peak hours, and a negative correlation with boarding ridership in 

evening peak hours and off-peak hours.  

Furthermore, the diversity index significantly impacts both boarding and alighting 

ridership on weekends. Because people are prone to more diversified trip purposes at 

the weekend and prefer to complete multi-purpose activities such as dining, shopping, 

entertainment, child training, etc. in the same place. Bus station only has a significant 

impact on alighting ridership in off-peak hours, which indicates that passengers 

traveling in off-peak hours pay more attention to the convenience of the access between 

metro station and bus. As the increase of road network density is not great, it does not 

have a significant impact on ridership. 
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Table 6.8: The result of panel regression 

Variables M1 

Boarding 

ridership-

weekday 

M2 

Alighting 

ridership-

weekday 

M3 

Boarding 

ridership-

weekend 

M4 

Alighting 

ridership-

weekend 

M5 

Boarding 

ridership-

morning 

M6 

Alighting 

ridership-

morning 

M7 

Boarding 

ridership-

evening 

M8 

Alighting 

ridership-

evening 

M9 

Boarding 

ridership-

off-peak 

M10 

Alighting 

ridership-

off-peak 

Effect Fixed 

effects 

Fixed 

effects 

Fixed 

effects 

Fixed 

effects 

Fixed 

effects 

Fixed 

effects 

Fixed 

effects 

Fixed 

effects 

Fixed 

effects 

Fixed 

effects 

Constant -0.528 -0.625 -0.606 -0.534 -0.485 -0.516 -0.240 -0.381 -0.240 -0.203 

Density-

residential 

1.911*** 

(4.780) 

2.029*** 

(4.485) 

1.457*** 

(2.706) 

1.096** 

(2.089) 

2.830*** 

(5.779) 

0.666* 

(1.718) 

0.282 

(1.041) 

2.330*** 

(5.464) 

0.282 

(1.041) 

0.770** 

(2.195) 

Density-

employment 

0.183 

(0.467) 

0.470 

(1.063) 

0.577 

(1.095) 

0.836 

(1.628) 

-

1.260*** 

(-2.629) 

1.774*** 

(4.678) 

0.920*** 

(3.475) 

-0.885** 

(-2.121) 

0.920*** 

(3.475) 

0.132 

(0.385) 

Density-restaurant 0.307** 

(2.289) 

0.314** 

(2.074) 

0.492*** 

(2.729) 

0.500*** 

(2.844) 

0.044 

(0.270) 

0.439*** 

(3.381) 

0.330*** 

(3.634) 

0.182 

(1.274) 

0.330*** 

(3.634) 

0.114 

(0.967) 

Density-retail -0.120 

(-1.273) 

-0.183* 

(-1.713) 

0.124 

(0.977) 

0.081 

(0.652) 

-0.256** 

(-2.221) 

-0.106 

(-1.156) 

-0.028 

(-0.442) 

-0.234** 

(-2.327) 

-0.028 

(-0.442) 

-0.073 

(-0.879) 

Density-education -0.099 -0.038 -0.064 0.023 0.011 -0.047 -0.016 -0.053 -0.016 -0.018 
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(-1.227) (-0.417) (-0.591) (0.220) (0.113) (-0.595) (-0.293) (-0.618) (-0.293) (-0.253) 

Density-health 

Care 

0.266** 

(2.381) 

0.233* 

(1.842) 

0.385** 

(2.566) 

0.347** 

(2.369) 

0.282** 

(2.066) 

0.120 

(1.111) 

0.087 

(1.153) 

0.292** 

(2.458) 

0.087 

(1.153) 

0.095 

(0.965) 

Density-

entertainment 

0.008 

(0.111) 

0.013 

(0.152) 

-0.120 

(-1.201) 

-0.125 

(-1.281) 

0.073 

(0.800) 

0.041 

(0.565) 

0.023 

(0.452) 

0.033 

(0.410) 

0.023 

(0.452) 

0.021 

(0.326) 

Density-office 

building 

0.022 

(0.393) 

0.001 

(0.015) 

-0.011 

(-0.152) 

-0.022 

(-0.303) 

0.057 

(0.847) 

-0.038 

(-0.706) 

0.015 

(0.411) 

0.036 

(0.615) 

0.015 

(0.411) 

-0.023 

(-0.470) 

Density-residence 

community 

-0.006 

(-0.129) 

-0.040 

(-0.758) 

-0.040 

(-0.643) 

-0.077 

(-1.273) 

0.069 

(1.231) 

-0.076* 

(-1.697) 

-0.010 

(-0.336) 

-0.044 

(-0.897) 

-0.010 

(-0.336) 

-0.019 

(-0.458) 

Density-Second-

hand apartment 

0.039 

(0.454) 

0.162* 

(1.653) 

-0.064 

(-0.550) 

-0.114 

(-1.010) 

0.276*** 

(2.610) 

-0.064 

(-0.766) 

-

0.167*** 

(-2.849) 

0.232** 

(2.518) 

-

0.167*** 

(-2.849) 

0.033 

(0.440) 

Density-floor area -0.060 

(-1.356) 

-0.013 

(-0.261) 

-0.061 

(-1.029) 

-0.028 

(-0.481) 

-0.075 

(-1.377) 

-0.009 

(-0.209) 

-0.023 

(-0.760) 

-0.063 

(-1.340) 

-0.023 

(-0.760) 

-0.002 

(-0.064) 

Shannon entropy 0.053 

(0.766) 

0.042 

(0.541) 

0.229** 

(2.478) 

0.166* 

(1.838) 

-0.016 

(-0.191) 

-0.027 

(-0.410) 

0.005 

(0.112) 

-0.038 

(-0.514) 

0.005 

(0.112) 

0.035 

(0.575) 

Dens-bus stop 0.053 

(0.617) 

0.088 

(0.913) 

-0.078 

(-0.674) 

-0.070 

(-0.624) 

0.004 

(0.041) 

-0.006 

(-0.066) 

0.054 

(0.931) 

0.067 

(0.741) 

0.054 

(0.931) 

0.172** 

(2.288) 



142 

 

 

Note: * Significant at 0.1 level; ** Significant at 0.05 level; *** Significant at 0.01 level 

 

 

 

 

 

 

Density-road -0.014 

(-0.288) 

-0.026 

(-0.473) 

-0.064 

(-0.977) 

-0.050 

(-0.778) 

0.011 

(0.178) 

-0.026 

(-0.543) 

-0.005 

(-0.137) 

0.001 

(0.018) 

-0.005 

(-0.137) 

0.001 

(0.033) 

R ² 0.647 0.642 0.633 0.625 0.598 0.612 0.616 0.568 0.616 0.324 
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6.5 Discussion and Conclusion 

This study examined the relationship between the built environment and metro 

ridership using data from Shenzhen between 2016 and 2019. To the best of our 

knowledge, this is among the first longitudinal study examining the impact of built 

environment on metro ridership incorporating a systematic and comprehensive 

measurement of built environment. The 4-year panel data of station-level built 

environment and smart card swiping information of Shenzhen metro passengers were 

collected since the opening of metro Line 7/9/11 in 2016. With such information, the 

present study reveals the ridership evolution under different temporal contexts (e.g., 

weekdays vs. weekends; peak hours vs. off-peak hours) over the 4-year period. In 

addition, we examined the impact of built environment on metro ridership by utilizing 

the fixed effect panel regression. The result of this study contributes to existing body of 

literature on built environment and metro ridership from the following perspectives. 

First, through a continuous 4-year observation, this study finds that metro ridership does 

not exhibit a liner growth, and the growth pattern also varies between different types of 

ridership. The descriptive results suggests that the metro ridership on weekdays and 

weekends exhibited different growth trends since the opening of metro line in 2016. 

The weekday ridership grew most rapidly during the first year of opening, while the 

weekend ridership received the largest growth rate one year later, between 2017 and 

2018. This result suggests that the opening of new metro line will immediately attract 

passengers to travel between home and workplace. Yet more time is needed for people 

to change their travel behavior for trips of other demands, such as entertainment on 

weekends. In addition, our descriptive results show that not all types of ridership are 

growing year by year, the off-peak ridership declined 2.92% for boarding and 4.41% 

for alighting between 2018 and 2019. Our results suggest that the commuting trips 

between home and workplace consists the most fundamental trip demands for metro 

ridership, and such travel demand can be immediately attracted by the opening of new 

metro lines. The observation of year-by-year changes of metro ridership is missing in 
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past cross-sectional studies. 

Second, implementing the TOD strategy, we examined built environment at station 

level from density, diversity and design perspectives, and found that some density 

variables and diversity of land use can increase metro ridership on both weekdays and 

weekends. Our results suggests that improving restaurant and health care facilities 

around the station may help increasing the metro ridership in Shenzhen, which are in 

line with previous studies (An et al., 2019; Huang & Wey, 2019; Zhang, 2007). While 

previous studies did not find significant relationship between restaurant density and 

ridership (An et al., 2019; Zhao, 2013), this study found significant positive association 

between restaurant density and metro ridership on both weekdays and weekends. The 

educational facilities significantly impact boarding and alighting ridership on weekends 

by Chen et al., (2019), but not significant in this study, probably because schools in 

Shenzhen are located near the places of residence, which is convenient for sending and 

picking up students. 

In the past studies, the ridership influence factor of the built environment was discussed 

in a fragmented manner and a systematic analysis was lacked. The 3D model of TOD 

is used in this study to concentrate the scattered discussions of built environment 

elements from three aspects, including density, diversity and design (Cervero & 

Kockelman, 1997). Past study mainly focused on density-related variables (Chen et al., 

2019; Guzman & Gomez Cardona, 2021; Kim et al., 2016), and less discussions were 

given to the diversity and design variables of TOD strategy. From this study, it is found 

that improvement of land use diversity has a significant positive effect on boarding and 

alighting ridership on weekends. This result is in contrast to the empirical result by Li 

et al., (2020) where he found positive association between diversity and weekday 

ridership, but no association between diversity and weekend ridership. However, his 

study did not differentiate boarding and alighting ridership for weekdays and weekends 

and was based on a cross-sectional design with data collected in October 2015. This 

finding provides new evidence for the encouragement of TOD strategy that more 

passengers can be attracted to travel by metro by increasing the land use diversity 
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around the stations. In terms of design, since travel mode choice differences by cities, 

in this case, Shenzhen is a city with more young people and bus travel account for only 

30% of the share of public transport, which is much smaller share than other Chinese 

cities (Shenzhen Metro Annual Report, 2020). The transfer facilities at bus stops are 

only significant for alighting ridership during off-peak periods. This result is different 

from that of other studies in the cities with a larger share of bus travel (An et al., 2019; 

Gan et al., 2020; Zhao, 2013) and provides a case for design variables in emerging cities. 

As shown by another explanation, the metro line density of Shenzhen city is 0.21 

kilometers per square kilometer (Shenzhen Metro Annual Report, 2020), and most of 

passengers' destinations are covered by PCAs of metro stations. There is no strong 

demand for transferring to a bus at the metro station, causing the results of this study to 

differ from those of other urban studies. 

Third, this study reveals the influence of built environment factors on ridership under 

different temporal contexts. By differentiating metro ridership into boarding and 

alighting on weekdays, weekends and different time periods of the day, the temporal 

heterogeneities of built environment effects on metro ridership are identified. For 

example, previous studies found that working population is positively related to all-day 

ridership, without specifying the ridership on weekdays or weekends Jun et al., (2015) 

and Zhao & Cao, (2020). This study found no effect of employment population on 

weekday or weekend ridership. Yet, by looking at different time periods of the day, we 

found that employment population significantly predicts ridership in the morning peak 

hours boarding and evening peak hours alighting. It indicates that commuting trip 

between residence and working place in the morning and evening peak hours is the key 

component of ridership on weekdays (Zhao, 2013). The discussion of the bounding and 

alighting ridership in weekday and on weekend and different time periods in weekday 

provide a more comprehensive and accurate analysis to the impacts, which is stronger 

evidence for the travel demand estimation.  

Finally, in this study, the actual PCAs based on the walking route planning of web map 

was adopted as the study area, and the terrain, road network, buildings, station structure 
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and exit settings were comprehensively considered. Compared with the previous 

studies applying circular buffer area (An et al., 2019; Chen et al., 2019; Gan et al., 2020; 

Guzman & Gomez Cardona, 2021; Lee et al., 2013; Zhao, 2013) and Thiessen polygon 

(Li et al., 2020), the method employed in this study can delineate the influence range 

of walking buffer area more finely. Especially, the stations with diverse terrain near the 

seashore and mountainside and stations with high density of road network and more 

than four station exits, the proposed method can eliminate the areas inaccessible by 

walking due to terrain factors and expand the range of walking area increased due to 

multiple directions and exits of the road network and stations. The circular buffer area 

delineated not finely enough will cause a great deviation to the density measurement 

based on the study area, which will further impose a great impact on the subsequent 

regression results. This study has provided a new buffer area definition method for 

refined research on the walking area around stations in the future. 

This study also has proven that the refined research on PCAs area can be better matched 

by adopting multi-source non-traditional data. In recent years, non-traditional data such 

as POI data (Chen et al., 2019; Ma et al., 2018; Zhao, 2013), mobile signal data (Pan et 

al., 2017) and real estate price data (Gan et al., 2020) have been widely applied to 

related research on the built environment. Compared with the traditional data, of which 

the minimum scale is only the statistical annual report data of TAZ, the non-traditional 

data have greatly improved the measurement accuracy of built environment. 

Meanwhile, it has also demonstrated that multi-source non-traditional data are more 

conducive to longitudinal study. Compared with the statistical yearbook data (Kim et 

al., 2016) and questionnaire data (van Lierop & El-Geneidy, 2016) used in the previous 

longitudinal studies, the non-traditional data, featured by fast updating and large sample 

size, can achieve more accurate continuous collection of cross-year data on the built 

environment at station level, and more comprehensively and completely reflect the 

dynamic evolution process of the built environment’s influence on relocation and the 

influencing factors of built environment’s dynamic changes on ridership. 

In summary, this study examined the relationship between the built environment and 
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metro ridership using data from Shenzhen between 2016 and 2019. The panel data of 

the built environment around the stations and smart card swiping data of Shenzhen 

metro passengers were collected 4 years after three new metro lines opening. The panel 

regression results show that the density of the resident population, restaurants, and 

health care facilities significantly impact ridership. The influence of the built 

environment changes on ridership in the morning and evening peak hours and off-peak 

hours on weekdays and at weekend has a temporal difference. There are also differences 

between boarding and alighting ridership. This finding enriches the literature on the 

impact of the dynamic built environment on ridership and has policy and practical 

significance for future TOD planning. 
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Chapter 7 Conclusion  

7.1 Thesis summary  

Within the context of the rapid development of rail transit and the implementation of 

the TOD strategy, evaluating the influence of rail transit on the built environment 

around stations and ridership remains an important academic research topic, which also 

yields a positive significance for urban planning practice and urban policy formulation. 

Previous studies have mainly adopted traditional cross-sectional data to study the static 

influence of TOD but have given scant attention to dynamic change processes and their 

influences. An incomplete analysis framework ignores the reality that city development 

is constantly evolving, and it is difficult to evaluate the actual influence of TOD 

comprehensively and accurately. In the present study, the previous research framework 

of the built environment and ridership was extended from a static study to a dynamic 

study, bridging an important research gap in this research field. 

Specifically, this study attempted to enrich the literature related to research on the built 

environment and ridership by focusing on the following two research questions: (1) 

after opening a new metro line, how will the built environment around stations change, 

and what is the spatial-temporal difference? (2) After opening a new metro line, what 

are the built environments that influence ridership, and what is the spatial-temporal 

difference in the influence? From the perspective of TOD, a research framework based 

on a longitudinal research design was developed in the present study to explore the 

changes in the built environment around stations and ridership after rail transit opening. 

Three metro lines opened in Shenzhen, China, in 2016 were chosen as case examples 

for empirical analysis. Data pertaining to 2015 before these metro lines were opened 

and data from 2016 to 2019 after metro line opening were all included. The present 

study compensated for the deficiency in previous studies on long-term dynamic 

influences based on cross-sectional data and fully explored the changes in the built 

environment before and after metro line opening and the spatial-temporal difference at 
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different times and regions. Additionally, an analysis framework of the built 

environment and ridership spatial-temporal characteristics based on multisource big 

data and nontraditional data was constructed in the present study. A very large number 

of big data, such as metro smart card swipe data, mobile phone signaling data, POI data, 

and house selling data, and nontraditional data were adopted, compensating for the 

deficiency in previous traditional data. As such, the station-level built environment was 

described in a more detailed way, and the range of the pedestrian catchment area (PCA) 

was accurately demarcated. The findings of the present study are conducive to better 

understanding the influence of the TOD strategy on the built environment around 

stations in Chinese cities, as well as the development process and mechanism. Moreover, 

the complex influence of rail transit on ridership was studied. The proposed analysis 

framework could further guide research design and data application of the built 

environment and ridership in the future. 

In Chapter II, the current research literature on TOD, built environment and ridership 

was firstly reviewed. In Chapter III, the research framework, specific research design, 

and related data and methods were described. Additionally, the three cases were 

elaborated, and the research questions were answered in the next three chapters. 

With the panel data on Shenzhen Metro Line 11 from 2015 to 2019, chapter 4 explores 

the changes of the built environment around metro station before and after the new 

metro line opening in 2016. It uses the Different-in-Different (DID) model to compare 

the changes in the station surrounding area and the traditional administrative and 

commercial town centers before and after the metro opening while exploring the spatial 

differences between urban centers and suburbs. The result shows that the built 

environment around the new metro line’s stations developed significantly faster than 

the traditional town centers. The stations are becoming new growth poles of the city. 

However, there are spatial differences in the impact of rail transit on the urban center 

and the suburbs. The business facility in the suburbs station does not show a significant 

difference with the town center. This study enriches the literature on the impact of rail 

transit on built environment and provides policymakers with a tool to evaluate the 
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effects of TOD. 

Chapter 5 contributes to a more comprehensive understanding of the dynamic impact 

of TOD on built environment at station-level through longitudinal research design. It 

uses multisource spatial-temporal non-traditional data collected before and after the 

metro operation to compute the TOD indicators. The hierarchical clustering method is 

used to analyze the differences between stations. Changes in the density, diversity, and 

distance to public stations are analyzed through the gravity center transfer, directional 

distribution, and gradient analysis, respectively. The empirical study in Shenzhen, 

China, suggests that the impact of new rail transit on built environment is with the 

spatiotemporal heterogeneity. The result shows that rail transit has a significant 

influence on the built environment of the city, and areas surrounding rail transit stations 

grow faster than do more distant areas. Second, there are spatial differences in the built 

environment around stations in different areas. Recreation station and residential station 

have been impacted significantly by rail transit. The new rail transit not only promotes 

the development of urban centers but also has a high impact on suburbs. These results 

suggest that different TOD strategies should be adopted in different urban areas. More 

attention should be paid to the development of TOD communities in recreation and 

residential station in the future. Third, the operation of rail transit produces a remarkable 

agglomeration effect in the surrounding built environment. Restaurants and retail 

around stations exhibit a prominent trend of concentration and gradient transformation 

toward metro stations. 

Chapter 6 examined the relationship between the built environment and metro ridership 

using data from Shenzhen between 2016 and 2019. The panel data of the built 

environment around the stations and smart card swiping data of Shenzhen metro 

passengers were collected 4 years after three new metro lines opening. The result 

contributes to existing literatures by conducting longitudinal examination on the effect 

of built environment on metro ridership. The density of resident population, restaurant, 

health care facilities significantly impact the ridership. However, the influence of built 

environment on ridership has a temporal difference. The diversity index only has a 
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significant positive impact on the ridership at the weekend. In addition, there are also 

differences between boarding and alighting ridership. The density of employed 

population is significantly and positively correlated with the alighting ridership in 

morning peak hours and bounding ridership in evening peak hours. Finally, we defined 

the stations’ PCAs using accurate walking path planning application, providing a more 

accurate and reliable measurement of PCAs representing the real worlds’ layout. 

7.2 Contribution and Significance 

This study is expected to contribute to the existing literature and practice in the 

following aspects: 

First of all, the existing analysis framework of built environment and ridership was 

extended in this study, providing a new perspective for rethinking the relations between 

TOD and the built environment and the ridership, and offering new empirical evidence 

for TOD research under the background of the rapidly developing high-density cities in 

China. A longitudinal research design is adopted in this study, addressing the shortage 

of empirical research on the evaluation of TOD performance and built environment 

evolution characteristics around metro stations in the past literature. This study 

extended the findings of cross-sectional studies by conducting a long-term dynamic 

study on the built environment and ridership research. It deepens the understanding of 

the dynamic influence of the built environment and ridership and provides a long-term 

dynamic influence analysis framework based on longitudinal data for TOD research in 

the future. The spatial heterogeneity of the influence of rail transit on the built 

environment is fully discussed in this study, and a clustering analysis framework based 

on dynamic changes is constructed, which extends the single TOD spatial structure 

model in the previous literature to multiple dynamic TOD special structure models. As 

such, it deepens the understanding of the built environment characteristics in different 

areas in the previous literature and provides empirical evidence for differentiated TOD 

planning in different areas. It also provided a more accurate understanding on built-

environment-travel relationship. 
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Methodologically, causal analysis methods which mainly used in econometrics are used 

in this study. Adopting the DID model, panel regression, the gravity center shift method 

and other causal analysis methods based on panel data enriches the research methods 

of this built environment study. In this study, multisource spatiotemporal big data and 

non-traditional data are employed to compensate for the deficiencies of low accuracy 

and slow updating of previous methods, such as small-sample questionnaire surveys, 

land use maps, and statistical yearbooks. An analysis framework of the spatiotemporal 

characteristics of the built environment driven by non-traditional data and big data is 

constructed. The findings can provide accurate quantitative support for TOD planning 

and ridership demand forecasting of metro lines in the future. A fine-scale study area of 

pedestrian catchment areas (PCAs) based on pedestrian path planning is constructed, 

which addresses the shortage of fine-scale research at the station level in the past 

literature on the built environment and complements the consideration of topography, 

architecture, road network and other factors in the past circular buffer zone, thereby 

significantly improving the delineation accuracy of PCAs. This research provides more 

accurate prediction on metro ridership by using richer multisource data and variables 

and more accurate PCA scale, which has significant practical implications. 

7.3 Policy Implications 

In addition to the contributions of the existing literatures, findings in this study have 

several policy implication recommendations for future TOD planning. 

7.3.1 Integrated development of general speed (middle-low speed) metro line in 

urban center and express Line in suburban area 

Studies have revealed that the opening of suburban express metro line has significant 

impact on suburban development than urban center. Hence, the future planning should 

not only focus on the lines in urban center, but also consider the lines connecting 

between urban center and suburban area to maximally play the role of rail transit as a 

backbone commuting traffic network with high speed and large capacity in the urban 
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transportation. As the case of this study, Shenzhen Metro Line 11 is the first metro line 

in China defined as a 120 km/h suburban express line. Compared with traditional 

general speed (middle-low speed) with 80 km/h speed, suburban express line results in 

significant reduction in the travel time between the urban center to the western suburb 

of Shenzhen. Based on this line, a one-hour traffic circle in 50-km radius from city 

center was formed, meeting the demand for long-distance travel in the metropolitan 

area and alleviating the traffic jam on the main road between urban center and suburban. 

The construction of the suburban express line has greatly promoted the development of 

suburban area and increased the resident population. Suburban new town as the key 

area undertaking the residential function of urban center can be connected to the 

employment area in urban center closely via the suburban express line. This way is 

conducive to drive the integrated development of urban center and suburban, forming 

a “metropolitan area on the rail”. Hence, suburban express line would be prioritized in 

the future metro line planning. 

7.3.2 Heterogeneity TOD integration plans at the metro network level 

Basically, the early TOD projects only planed and called for bids of a single urban rail 

station and mainly focused on the use of land around a single station. With the 

increasing density of the metro network，the previous single-project and single-station 

plan has been unable to meet the development demand of megacity (Yang et al., 2020). 

Due to the lack of an overall TOD plan of new line and network levels, the developed 

functions of the TOD stations are highly homogenized. In the future, it is necessary to 

plan the coupling between the metro network and the land spatial plan in advance and 

plan the TOD project in the whole line network. According to the study results, the 

spatial heterogeneity should be taken into full consideration to make an overall 

development layout for the stations. Each station should adopt an appropriate layout of 

the land use for the business types based on station characteristic. The purpose is to 

avoid repeated construction for the benefit of specific project and maximize the TOD 

performance to the city. 

7.3.3 Integrated development of TOD and urban function 
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As revealed in the study results, TOD focuses on the efficient and intensive 

development of land. Meanwhile, it gathers multiple functions such as living, working 

and socializing. With this convenience, people can do various social activities within 

walking distance, avoiding the troubles of transportation. It is recommended to seek 

mutual integration and coordinated development of the station and urban service 

functions from many aspects and further play the traffic effect of the region by 

constructing rail transit station and associated public service facilities. It is necessary to 

sort out the functional orientations of the station and the surrounding land area, 

determine the functional orientation at different level of plan. Particularly, the finding 

of this study shows that the current layout around TOD station is mainly residential and 

living facilities, lacking consideration of industrial development. Hence, industrial 

development becomes the main orientation of the people-city-industry coordinated 

development which is the focus of the recently proposed TOD 4.0. Furthermore, 

increasing high value-added industries around the TOD station is helpful to improve 

the ridership attraction of the station, promote industrial updating and improve the TOD 

performance. 

7.3.4 Promoting urban renewal with TOD strategy 

The study results also show that TOD can also promote urban renewal. The previous 

TOD development in Shenzhen primarily concerned the development of rail transit in 

new development areas (e.g., Shenzhen Metro Line 2/6) (Yang et al., 2016b), while 

recently the urban renewal of old town based on TOD has also attracted more and more 

attention. The development of new development areas faces simple land development 

problem and no house demolition problem, but huge challenge in the inflow of 

population and industries. In contrast, the old town has a good foundation of people and 

market even though with large difficulty in renovation. Rail transit construction is an 

appropriate time for urban renewal in built-up areas. In addition, rail transit is almost 

the only route to solve the existing traffic problem in built-up area because the problem 

of traffic flow added by urban renewal can hardly be solved by private cars. With TOD 

strategy, old towns can undergo a large-scope reconstruction of urban infrastructures; 
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and the community spaces on both sides of the transportation hub as disconnected by 

railway track can be reconnected. Meanwhile, the TOD-based re-plan for roads around 

the station can improve the urban road network. Finally, the remodeling of surrounding 

communities caused by TOD can also catalyze the creation of new public spaces in a 

city, such as the public plaza and pedestrian space newly constructed in the TOD project, 

which provides great convenience for the people living and working in this area. The 

commercial complex newly built and renewed in the TOD project can attract new 

residents and create a prosperous atmosphere for the renewed urban communities. 

Furthermore, the development of such complex can also drive increasing the value of 

properties around it and practically solving the hardest financial balance problem in the 

urban renewal. 

7.3.5 The temporal sequences of TOD development 

The planning and construction of rail transit requires a large time span, at least above 5 

years per metro line. Similarly, land development also subjects to a complicated process 

flow and its time nodes are affected by many factors. Thereby, it is a large challenge to 

balance the time sequence of rail transit construction and that of land development in 

the TOD area. Over a longitudinal study, it is demonstrated that the built environments 

around rail transit stations were affected maximally in the first year after the opening 

of the line, and the subsequent development was not in linear growth. However, in the 

current TOD project, the construction of transportation infrastructure is often 

prioritized, while the construction of surrounding facilities begins after the opening of 

the rail transit line. Consequently, for a long time after the opening, partial stations 

experienced a slow growth in ridership and cannot attract residents’ relocation to the 

TOD area, causing waste of public transportation resources and failing to give play to 

the effect of TOD. In the future planning practice, the TOD stakeholders should pay 

high attention to rationally arrange the land planning, land transfer, land reservation 

and other milestone of land development in the overall TOD area and try to carry out 

them synchronously with the construction of rail transit facilities. Only if the rail transit 

construction is coordinated with the land development closely in time can it be available 
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to maximize the effect of TOD on the built environment and ridership, and further 

balance the cost and benefit of the TOD stakeholders. 

7.3.6 Promoting TOD Development with big and non-traditional data 

In recent years, many new concepts such as big data, smart city, smart metro, and digital 

twin cities have been proposed constantly, which bring huge changes to the urban 

planning mode. With the rapid construction and operation of large metro line network, 

a sharp increase is seen in multi-type data. Massive data (including AFC ticketing data, 

metro operation data, POI data, cellular signaling data, video data, and etc.) have been 

generated in the process of metro operation and land use. The usage of these data and 

its values are getting more and more attention from metro operator, planning 

department, government department. The results obtained by integration of multiple 

data sources using big data technology will break through many restrictions faced in 

the traditional plan such as the small sample size and the long data updating time. In 

the future, big data can be used to develop TOD big data planning platform (Zhou et 

al., 2020; Zhou & Yang, 2021). It can be used to comprehensively perceive and 

simulate the whole process of TOD project development and support decision making 

in many scenario applications of urban rail transit, such as the passenger flow analysis 

and forecasts, line planning and station selection and real estate development, metro 

media and advertisement in TOD areas. 

7.4 Limitations and Recommendations for Future Research  

This research also has some limitations and proposes some directions for future 

research.  

7.4.1 The impact of inter-city railways in metropolitan areas 

Although this study has expanded its research scope from stations at urban center to 

suburbs, it is still limited to one city. Over recent years, metropolitan areas and urban 

agglomerations have become the new development trend of urbanization. The 

Guangdong-Hong Kong-Macao Greater Bay Area has been promoted to the national 
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strategy level and the concept and scope of the Shenzhen Metropolitan Area have been 

clarified. The Shenzhen-Shanwei Special Cooperation Zone has also entered the large-

scale development phase. As an important transportation supporting measure for the 

construction of metropolitan areas, the inter-city railway system within the Guangdong-

Hong Kong-Macao Greater Bay Area is under large-scale construction. The expansion 

of the administrative scope of metropolitan areas and the availability of inter-city 

railway services will greatly change the current spatial structures of cities. In the context 

of metropolitan areas, the TOD development of stations at different levels (e.g., regional 

or urban levels) and the cross-city travel behavior of residents (e.g., cross-city 

commuting) will challenge on the current TOD research. In the future, it is necessary 

to pay attention to the profound changes to urban development, built environment and 

resident travel behavior due to the inter-city railway services. 

7.4.2 The transit served areas (TSAs) at different levels 

In order to improve the accuracy of the TOD study, it is important to define a reasonable 

and measurable TOD analysis area, as which may pose large impact on the study result. 

According to relevant literatures, this study area was defined as an area with a radius 

of 800 m. However, the impact scope of TOD is always a controversy and is defined 

with different standards in different countries, for instance, an area with radius of 1,000 

meters (Zhou et al., 2018), or an area with radius of 400 meters (Ding et al., 2019) 1250 

meters (Yang et al., 2020b). With the popularization of shared bicycles, the scope of 

transit served area (TSA) has also been enlarged more than that of pedestrian catchment 

area (PCA). The existing studies on the impact scope of TOD mainly focus on 

qualitative analysis, lacking the support of quantitative data obtained by empirical study. 

It is still needed to empirically prove whether the walking scope defined in America 

and Europe applies to China or not and the reasonable impact scope of TOD is in China. 

7.4.3 Comparison study between different cities 

This study area is Shenzhen, a quite special city in China with low average age, less old 

people, high migrant population, as well as new buildings, complete roads network and 



158 

 

other infrastructures. The built environment characteristics of this city are greatly 

different from other cities (Shao et al., 2020). Thereby, more research is needed to verify 

whether this study results are suitable for other cities or not. The future study can 

compare the TOD cases in multiple Chinese cities (e.g. Su et al., 2021))or the cities in 

different countries (e.g. Loo et al., 2010). 

7.4.4 Integration with Multiple Transport Modes 

This study mainly explores the ridership of the metro. However, urban transportation 

and TOD development not only involve metro. The TOD strategy also encourages more 

residents to take public transportation by improving the convenience to accessing or 

transferring to the metro station. To realize this goal, many modes of transportation such 

as transship bus and shared bicycles emerge currently in practice, which solve the 

problem of the last 1-km travel. According to the Evaluation Report on the 

Development of Internet Rental Bicycles in Shenzhen (2019), Shenzhen has a total of 

480,000 sharing bicycles in 2019. The passengers who ride sharing bicycles to connect 

rail transit account for 52.3% of the total daily average. 95% of the passengers ride 

shared bicycles within 2 kilometers from the metro stations, and 71% ride bicycles 

within 1 kilometer. It shows the effect of bicycle sharing on improving the ridership of 

the metro and expands the scope of radiation of the metro. The future study can combine 

with other transport modes to estimate the transit service area (TSA), commuting 

behavior, relocation and other problems more accurately. 

7.4.5 The evolution of dynamic travel behavior after the opening of metro 

In this case study, we only surveyed the ridership of the station, not specific to the 

individual level. In the future, we can follow up the same smart card to observe the 

changes in urban residents' travel behaviors after the opening of the metro. For example: 

whether the metro opening promoted the relocation of residents or not? Where were the 

relocated residents from? Which variables of the built environment have the largest 

impact on the relocation? Such big data-based study of dynamic travel behavior can 

provide more data support for planners and decision-makers. 
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7.4.6 Multi-source data fusion 

With the development of big data technology, more and more data sources are emerging 

constantly, which can bring more valuable data for further studies. Meanwhile, the 

government and the whole society have increasingly realized the significance of big 

data. For instance, the government big data bureau has been established, responsible 

for the government's big data platform. By establishing the government’s public data 

platform and holding big data competition, more data sources can be gathered, breaking 

the data barrier between the government departments and the companies. Hence, it is 

expected to fuse multiple spatial and temporal big data to do the future studies. 

7.4.7 Long-term panel data 

As it is a short time since the rise of big data, there are limited usable big data. 

Nevertheless, long-term panel data still faces greater challenges than traditional panel 

data. First of all, the outbreak of COVID-19 in 2020 seriously affected traffic travel and 

residents' lives. Consequently, the traffic data and social-economic data in 2020-2022 

seriously deviated from the normal development trend so that the data accumulation 

had to be interrupted. Second, the data sources were unstable. For instance, the number 

of people using metro smart card dropped sharply with the emergence of WeChat Pay 

and Alipay Pay QR codes payment-based metro ticket from 2019. After the outbreak of 

COVID-19, real-name registration is legally required when people take metro, so that 

the proportion of passengers using single ticket or smart card is less than 5% (Shenzhen 

Metro, 2022) and the data accumulation by metro smart card is almost completely 

interrupted. Other examples are Didi & Uber ride-hailing platforms, and Mobike & 

OFO and other sharing bicycle companies that have provided a large amount of traffic 

data in recent years. However, these companies have withdrawn from the market due 

to business problems, resulting in a complete interruption of these data accumulation. 

There are also interruptions of data accumulation caused by problems such as big data 

protection, such as Weibo, Dianping.com, etc. It also brings great challenges to the 

long-term panel data collection. Hence, it is necessary to explore more data sources to 

continuously accumulate data for longer-term studies. Also, in the future, more study 



160 

 

can compare with the bus ridership along the new metro line before and after new metro 

opened.  

7.4.8 Spatial econometric study and causal relationship study based on long-term 

panel data 

Causal relationship is a hotspot of recent year. Panel big data provides high-quality data 

for such research. In this study, we only used the causal relationship study method in 

econometrics to preliminarily probe the panel data of the built environment. Whereas 

the counted time span is still too short in comparison with that in traditional 

econometrics. Spatial econometrics has formed multiple mature methods for causal 

relationship study. In the future, we can continuously supplement data to explore the 

causal relationship between built environment and travel behavior by using multiple 

causal relationship study methods, such as instrumental variables, spatial filtering, and 

breakpoint regression. 

7.4.9 Nonlinear longitudinal study based on machine learning 

As discovered in this study, the change in the built environment after the metro opening 

and its impact on the ridership are not in a simply linear relationship. In recent years, 

machine learning technology such as GBDT (Gradient Boosting Decision Tree) is 

increasingly used to study the nonlinear relationship between the built environment and 

the ridership (e.g. Shao et al., 2020; Yang et al., 2020b). However, these studies are still 

based on cross-sectional data. In the future, machine learning method can be used to 

longitudinally survey the nonlinear relationship between the built environment and the 

ridership, so as to provide more accurate empirical evidence for improving the ridership 

prediction. 

7.4.10 Integrated big & non-traditional data and small & traditional data 

Although big data and non-traditional data have great improvements in terms of 

accuracy and timeliness compared to traditional data, they still have many shortcomings. 

For example, due to limitations from data protection policies, they cannot provide 

personal information, and therefore it is not possible to obtain information on 
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individuals' socioeconomic attributes, subjective attitudes and behaviors (Zhou et al., 

2020). In addition, although big data has a huge improvement in sample sizes compared 

to small data, they still cannot deliver on full sample coverage. For example, it is still 

difficult to acquire the mobile phone signaling data from all of the three mobile phone 

operators in China. Besides, mobile phone signaling data are still difficult to cover the 

children and the elderly. Therefore, traditional small-data methods (such as 

questionnaires, interviews, etc.) still have their significance, and big data cannot 

completely replace small data. In the future research, it is possible to combine big & 

non-traditional data and small & traditional data to study the impact of TOD 

comprehensively and thoroughly.  

7.4.11 The impact of COVID-19 on the TOD and ridership  

COVID-19 has greatly changed the world we live in. Since 2019, the business 

environment has greatly changed. Entertainment facilities were the most affected, with 

cinemas and other entertainment facilities experiencing prolonged shutdowns (China 

Film Market User Report, 2020). The structure of the road network also changed. Many 

roads and exit are closed due to the closure of the community. In the long term, working 

place changed from office building work to work from home. Office vacancy rates in 

Shenzhen are as high as 22.7% (FPD, 2021). Due to the reduced supply of public 

transport, Metro ridership is decreasing. In 2019, the average daily passenger flow of 

the whole network was 6.62 million, while in 2020, the average daily passenger flow 

was 5.96 million with the opening of four new lines (Shenzhen Metro, 2020). In 2021, 

the average daily passenger flow was only 5.66 million (Shenzhen Metro, 2020). These 

are the reason why this study has not collected data in 2020 and 2021.In the future 

research, the impact of COVID-19 on the TOD and ridership should be in-depth study. 
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A Appendices to chapter 2 

Table A.1  Empirical studies on the impact of TOD  

 

 Studies Research 

questions 

TOD 

measurements 

Data sources  Analytical 

methods 

Major findings 

1. The impact of TOD on land use  

 ((Guerra, 

2014) 

Mexico City's 

suburban land use 

and transit 

connection_ The 

effects of the Line B 

Metro expansion 

The effects of 

suburban high-

capacity transit 

investments 

land use, travel 

time  

Mexico City 

two time 

periods—six 

years before 

and seven 

years after the 

investment 

opened 

Statistics In terms of land use, the investment promoted land 

development around the stations but appears to have had 

little to no effect on downtown commercial development, 

where it might have been expected to have a significant 

influence 

 (Hurst & 

West, 2014) 

Public transit and 

urban redevelopment: 

The effect of light rail 

transit on land use in 

Minneapolis, 

Minnesota 

The effect of 

the 

introduction of 

light rail transit 

(LRT) on land 

use 

land use type 

and 

neighborhood 

characteristics 

Minneapolis, 

Minnesota 

METRO Blue 

Line 

Differential 

effects 

Properties within ½ mile of operational LRT stations 

experience a small increase in the likelihood of land use 

change relative to when the LRT is under construction, 

but neither construction nor operation of the line appears 

to affect land use change relative to the time before 

construction.  
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 (Rodriguez 

et al., 2016) 

Land development 

impacts of BRT in a 

sample of stops in 

Quito and Bogotá 

Bus rapid 

transit (BRT), 

impacts on 

land 

development 

land use Bogotá Quasi-

experimental 

research 

design 

Some stations showed very high development activity. 

Development induced along the road extension in 

Bogotá was considerable. 

 (Thomas et 

al., 2018) 

Is transit-oriented 

development (TOD) 

an internationally 

transferable policy 

concept? 

How transfer 

of TOD as a 

policy concept 

impacts its 

implementation 

in the 

Netherlands 

land use  Netherland Workshops, 

serious 

gaming and 

design 

charrettes 

A number of factors complicating policy transfer, and 

that ‘softer’ transferable lessons (e.g., good actor 

relationships, information sharing) are much more 

difficult to transfer than ‘harder’ technical tools. Using 

policy lessons and tools in learning exercises helps to 

develop contextually appropriate policy solutions. 

 (Z. Li, Han, 

et al., 2019b) 

Transit oriented 

development among 

metro station areas in 

Shanghai, China: 

Variations, typology, 

optimization and 

implications for land 

use planning 

Represent the 

morphological 

and functional 

ties between 

transport and 

land use 

accessibility, 

walkability, 

land use 

diversity 

Shanghai, 

China 

Fuzzy AHP 

(Analytic 

Hierarchy 

Process) 

SOM (self-

organizing 

map) 

the TOD index value declines from the urban center to 

the outskirts of the city obviously. Four typologies are 

identified among TODs, including the Integrated (all 

high node, tie and place index value), the Functionally 

place-developed (low node index value and high tie and 

place index value), the Morphologically node-developed 

(high node index value and low tie and place index 

value) and the Dispersed (all low node, tie and place 

index value). 
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 (Atkinson-

Palombo & 

Kuby, 2011) 

The geography of 

advance transit-

oriented development 

in metropolitan 

Phoenix, Arizona, 

2000–2007 

type of TOD, 

type of station 

area, and use of 

overlay zoning. 

density, 

diversity, 

design  

  Factor 

analysis and 

cluster 

analysis; 

ANOVA 

The five station-area types, ordered from highest to 

lowest advance TOD per station, are employment 

centers; Middle-Income Mixed-Use areas; transportation 

(park-and-ride) nodes; high population/rental areas; and 

urban poverty areas. Overlay zoning was used most in 

areas of urban poverty and least in station-area types 

with the most single-family housing. 

 (Su, et al., 

2021) 

Transit-oriented 

development (TOD) 

typologies around 

metro station areas in 

urban China: A 

comparative analysis 

of five typical 

megacities for 

planning implications 

node–

functionality–

place’ model in 

the form of a 

magic cube as 

the theoretical 

basis for 

classifying 

TOD 

typologies. 

ridership, 

density, 

diversity, 

design  

five typical 

Chinese 

megacities, 

namely, 

Beijing, 

Shanghai, 

Shenzhen, 

Wuhan and 

Hangzhou. 

the analytic 

hierarchy 

process 

(AHP) 

The TOD degree, although it varies with cities, presents 

a similar spatial pattern, with a general tendency to 

decline from the central core to the outskirts. In total, six 

TOD types are distinguished and present notable 

variations within and across the five megacities. 

 (Lyu et al., 

2016) 

Developing a TOD 

typology for Beijing 

metro station areas 

systematically 

developed a 

TOD typology 

in a Chinese 

context 

ridership, 

density, 

diversity, 

design  

Beijing, 268 

stations 

node-place 

model cluster 

analysis 

The six identified types of metro station areas in Beijing 

demonstrate how the context-specific typology can 

support local urban and transport planners, designers and 

policymakers when considering future interventions. 

 (Y. Zhang et 

al., 2019a) 

Identifying Urban 

Structure Based on 

To identify 

urban structure 

using a 

population 

density, 

automobile 

Beijing Define the 

TOD index 

The results show a hierarchical urban structure: the city 

center covers most of the hotspots which display higher 

imbalances, the surroundings of the city center are less 
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Transit-Oriented 

Development 

Network–

Activity–

Human model  

ownership, 

transport 

service 

and unbalance 

degree  

developed, and the city edges show higher potentials in 

both exploitation and transportation development. 

2. The impact of TOD on travel behavior 

 (Nasri & 

Zhang, 2014) 

The analysis of 

transit-oriented 

development (TOD) 

in Washington, D.C. 

and Baltimore 

metropolitan areas 

how travel 

behavior is 

different for 

TOD residents 

in the two 

metropolitan 

areas of 

Washington, 

D.C. and 

Baltimore. 

vehicle miles 

traveled 

(VMT) 

Washington, 

D.C. and 

Baltimore 

Regression 

models 

TODs encourage driving less and switching to transit, 

walking, biking, and other sustainable modes of 

transportation. 

 (Loo et al., 

2010) 

Rail-based transit-

oriented 

development: 

Lessons from New 

York City and Hong 

Kong 

Factors which 

are expected to 

contribute to 

higher rail 

transit 

ridership 

land use, 

station 

characteristics, 

socio-

economic 

New York 

City and Hong 

Kong 

multiple 

regressions 

The results show that a combination of variables in 

different dimensions, including (i) land use, (ii) station 

characteristics, (iii) socio-economic and demographic 

characteristics and (iv) inter-modal competition were 

important in accounting for the variability of rail transit 

ridership. 



166 

 

 (Cervero & 

Kockelman, 

1997) 

Travel demand and 

the 3Ds: Density, 

diversity, and design 

How 3Ds 

affect trip rates 

and mode 

choice of 

resident 

ridership, 

density, 

diversity, 

design  

San Francisco 

bay area 

Factor 

analysis  

density, land use diversity and pedestrian oriented 

designs generally reduce trip rates and encourage non-

auto travel 

 (Pan et al., 

2017b) 

What determines rail 

transit passenger 

volume? Implications 

for transit oriented 

development 

planning 

the effect of 

rail transit 

station-based 

TOD on daily 

station 

passenger 

volume 

station area 

employment 

and 

population, 

residents’ 

commuting 

distances, 

metro network 

accessibility, 

status as 

interchange 

station 

integrated 

circuit (IC) 

card data on 

metro 

passenger 

volumes and 

cellular 

signaling data 

on the spatial 

distribution of 

human 

activities in 

Shanghai 

regression 

analysis 

(1) Passenger volume is positively associated with 

employment density and residents’ commuting distance 

around station; (2) stations with earlier opening dates and 

serving as transfer nodes tend to have positive 

association with passenger volumes; (3) metro stations 

better integrated with nearby commercial development 

tend to have larger passenger volumes. 

 (Rodríguez 

& Kang, 2020) 

A typology of the 

built environment 

around rail stops in 

the global transit-

oriented city of 

Seoul, Korea 

To identify ten 

emerging 

station area 

types 

Four key 

domains—, 

place, location, 

integration, 

and value 

Seoul, Korea, 

2015 

Comprising 

19 variables 

These four domains vary according to station area type 

and can thus be used to distinguish between stations. 

When compared with station ridership, results show that 

station area types with a high concentration of jobs 

(office and retail) and a central location are associated 

with significantly higher metro ridership. 
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3. The impact of TOD on property value 

 (Kay et al., 

2014b) 

Residential property 

valuations near 

transit stations with 

transit-oriented 

development 

evaluates the 

median 

property 

valuations 

surrounding 

eight transit 

stations  

land use mix, 

property value 

New York 

City 

hedonic 

regression 

analysis   

Spatial 

econometric 

software 

While the mixed-use development typically found with 

TOD is likely valued, proximity to stations with direct 

access to New York City leads to higher relative 

property valuations. 

 (Su, et al., 

2021) 

Unraveling the 

impact of TOD on 

housing rental prices 

and implications on 

spatial planning: A 

comparative analysis 

of five Chinese 

megacities 

The impact of 

TOD on 

housing rental 

prices 

metro station, 

neighborhood, 

housing rental 

prices 

five major 

Chinese 

megacities 

(Beijing, 

Shanghai, 

Shenzhen, 

Hangzhou and 

Wuhan) 

T-test, Spatial 

hedonic 

modeling 

TOD characteristics generally account for 10%–20% of 

the housing rental prices and the TOD neighborhood 

presents the highest relative contribution. The synergy 

between the metro station and the neighborhood also 

plays an essential role. Metro station type rather than 

metro station proximity acts as a significant exploratory 

variable. 

 (Xu et al., 

2016) 

The impact of urban 

rail transit on 

commercial property 

value: New evidence 

from Wuhan, China 

the impact of 

transit access 

on commercial 

property value. 

commercial 

property value 

Wuhan, 

China, 676 

observations 

along 

Wuhan’s 

metro rail line 

Spatial 

autoregressive 

models 

Value appreciation was discovered within the 400 m 

radius of road network distance from Metro stations. The 

transit access premiums present as two tiers: 16.7% for 

the 0–100 m core area and approximately 8.0% within 

the 100–400 m radius.  
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 (Mulley & 

Tsai, 2016) 

When and how much 

does new transport 

infrastructure add to 

property values? 

Evidence from the 

bus rapid transit 

system in Sydney 

the impact of a 

Bus Rapid 

Transit (BRT) 

system on 

residential 

housing prices 

land use, 

property value 

Sydney, 

Australia 

 multilevel 

model 

the sales price of residential properties within 400 m of 

BRT stops are marginally higher than those outside of 

the BRT service area after the opening of the BRT 

system in 2003 and 2004. 

4. The impact of TOD on sustainable development 

 (Huang & 

Wey, 2019) 

Green Urbanism 

Embedded in TOD 

for Urban Built 

Environment 

Planning and Design 

explores the 

design criteria 

of Green TOD 

sustainability 

livability 

Taipei FDT (fuzzy 

Delphi 

technique) 

method 

Ecology diversity, natural energy recycling or reuse, and 

livable habitat, rather than just focusing on the 

sustainable transportation dimension of conventional 

TOD 

 (Gu, 2019) Transit-oriented 

development and air 

quality in Chinese 

cities_ A city-level 

examination 

Whether 

transit-oriented 

development 

(TOD) in 

Chinese cities 

is associated 

with better air 

quality. 

urban area 

coverage, 

population 

coverage, 

street network 

density and 

land use mix 

within station 

catchment 

areas 

daily air 

quality index 

(AQI) data 

from the 

Ministry of 

Environmental 

Protection of 

China over the 

entire year 

2014 for 152 

cities 

Regression 

models 

Rail-based TOD is associated with better air quality, 

after controlling for meteorological, demographic and 

economic characteristics. BRT-based TOD shows no 

significant relationship. 
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 (Motieyan 

& Mesgari, 

2017) 

Towards Sustainable 

Urban Planning 

Through Transit-

Oriented 

Development (A 

Case Study: Tehran) 

measure TOD 

levels in 

neighborhoods 

of Tehran 

sustainability 

livability 

Tehran fuzzy-analytic 

hierarchy 

process 

(fuzzy-AHP) 

The TOD map has an accuracy of 77 percent in urban 

modeling, which verifies the efficiency of the proposed 

method for measuring TOD. 

5. The impact of TOD on built environment  

5.1. The impact of TOD on density 

 (Guerra, 

2014) 

Mexico City's 

suburban land use 

and transit 

connection_ The 

effects of the Line B 

Metro expansion 

the effects of 

suburban high-

capacity transit 

investments 

land use, travel 

time  

Mexico City 

two time 

periods—six 

years before 

and seven 

years after the 

investment 

opened 

Statistics While the investment sparked a significant increase in 

local Metro use, most of this increase came from people 

relying on informal transit, rather than cars. This shift 

reduced average transit expenditures and travel times for 

local residents. However, it also increased government 

subsidies for the Metro and had no apparent effect on 

road speeds. In terms of land use, the investment 

increased density around the stations but appears to have 

had little to no effect on downtown commercial 

development, where it might have been expected to have 

a significant influence 
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 (Wang et al., 

2019) 

The reshaping of land 

development density 

through rail transit: 

The stories of central 

areas vs. suburbs in 

Shenzhen, China 

Whether rail 

transit attracts 

new 

developments 

or 

redevelopment 

to areas 

surrounding 

stations 

FAR density, 

land use type 

Shenzhen 

collected in 

two different 

years 2008, 

2014 

Multiple 

linear 

regressions 

The densifying of land development brought on by rail 

transit is more prominent in already developed central 

areas than in low-density suburbs. 

 (Ratner & 

Goetz, 2013) 

The reshaping of land 

use and urban form in 

Denver through 

transit-oriented 

development 

How TOD 

reshaping of 

land use and 

urban form 

land use mix, 

building 

Denver 

Regional 

Transportation 

District 

Statistics The rail transit system and the emphasis on transit-

oriented development is contributing to an increase in the 

average density of the Denver urbanized area. 

 

(Kamruzzaman 

et al., 2014) 

Advance transit 

oriented development 

typology: case study 

in Brisbane, Australia 

TOD 

characteristics 

that perform 

better in certain 

contexts, and 

being able to 

optimise TOD 

effectiveness 

six objectively 

quantified built 

environmental 

indicators: net 

employment 

density, net 

residential 

density, land 

use diversity, 

intersection 

density, cul-

de-sac density, 

Brisbane Two Step 

Cluster 

Analysis 

Four unique TOD clusters: (a) residential TODs, (b) 

activity centre TODs, (c) potential TODs, and (d) TOD 

nonsuitability. The typologies are validated by 

estimating a multinomial logistic regression model in 

order to understand the mode choice behaviour of 10,013 

individuals living in these areas. Results indicate that in 

comparison to people living in areas classified as 

residential TODs, people who reside in non-TOD 

clusters were significantly less likely to use public 

transport (PT) (1.4 times), and active transport (4 times) 

compared to the car. 
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and public 

transport 

accessibility. 

5.2. The impact of TOD on diversity 

 (S. Niu et 

al., 2019) 

Study on land use 

characteristics of rail 

transit TOD sites in 

new towns—taking 

Singapore as an 

example 

To understand 

the land use 

characteristics 

of the rail 

transit station 

sites in new 

towns of high-

density Asian 

city 

land use mix, 

building 

 six rail 

transit stations 

in Singapore 

GIS spatial 

analysis 

The urban center hierarchy and the new town 

development concept have led to the difference in land 

use characteristics of the TOD stations. the mixed-use 

development of the TOD station area should be tailored 

to local conditions and a mix land use of public service 

facilities, parks and open spaces should be guaranteed, to 

achieve sustainable development of land economy, 

environment and society. 

5.3. The impact of TOD on design 
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 (Vale, 2015) Transit-oriented 

development, 

integration of land 

use and transport, and 

pedestrian 

accessibility: 

Combining node-

place model with 

pedestrian shed ratio 

to evaluate and 

classify station areas 

in Lisbon 

the urban 

design features 

of the station 

areas, in 

particular their 

pedestrian 

friendliness 

pedestrian 

friendliness 

Lisbon node-place 

model 

A balanced node-place is not necessarily a transit-

oriented development, and vice versa, and so a 

complementary analysis of both is useful to identify and 

classify a station area. 

 (Nasri & 

Zhang, 2014) 

The analysis of 

transit-oriented 

development (TOD) 

in Washington, D.C. 

and Baltimore 

metropolitan areas 

how travel 

behavior is 

different for 

TOD residents 

in the two 

metropolitan 

areas of 

Washington, 

D.C. and 

Baltimore. 

vehicle miles 

traveled 

(VMT) 

Washington, 

D.C. and 

Baltimore 

Regression 

models 

TODs encourage driving less and switching to transit, 

walking, biking, and other sustainable modes of 

transportation. 
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 (Monajem 

& Ekram 

Nosratian, 

2015) 

The evaluation of the 

spatial integration of 

station areas via the 

node place model; an 

application to subway 

station areas in 

Tehran 

provide a 

procedure to 

identify the 

most effective 

transportation 

and land use 

dynamics in 

station areas 

population, 

functional mix 

Tehran’s 

subway 

stations 

node place 

model 

A well-integrated, continuous and dense spatial 

configuration of the street network in station areas is 

associated with an increase in the variety and intensity of 

activities, an increase in the workforce and better 

accessibility for the station by attracting greater 

pedestrian movement. 

 (Curtis, 

2008b) 

Evolution of the 

Transit-oriented 

Development Model 

for Low-density 

Cities: A Case Study 

of Perth's New 

Railway Corridor 

The 

opportunities 

and constraints 

presented by 

each TOD 

model. 

land use, 

transit 

arrangement, 

parking  

 Perth’ Statistics Different models of integration from TODs designed 

around walk-on patronage, to TODs designed to calm 

hostile car-based environments, to transit-transfer 

stations relying on state transit agency coordination 

between transport modes to maximize the attractiveness 

of the public transport travel. 

5.4. The impact of TOD on destination accessibility 
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 (Lyu et al., 

2019b) 

How does transit-

oriented development 

contribute to station 

area accessibility? A 

study in Beijing 

how the 

specific 

components of 

TOD are 

related to 

accessibility 

and the relative 

importance of 

each 

component to 

enhance 

accessibility 

accessibility, 

walkability, 

land use 

diversity 

Beijing Regression 

models 

both a station area’s location relative to the city center 

and the land use pattern around all the stations within the 

targeted station’s one-hour travel catchment are 

relatively more important to enhance the area’s 

accessibility than improving the area’s transit 

performance. 

 (Papa & 

Bertolini, 

2015) 

Accessibility and 

Transit-Oriented 

Development in 

European 

metropolitan areas 

the relationship 

between 

Transit-

Oriented 

Development 

(TOD) and 

rail-based 

accessibility  

accessibility, 

walkability, 

land use 

diversity 

six 

metropolitan 

areas in 

Europe 

Node index The ‘‘TOD degree’’, operationalized as the extent to 

which urban development is concentrated along rail 

corridors and stations, is correlated with a cumulative 

opportunity measure of rail-based accessibility to jobs 

and inhabitants. 

6.5. The impact of TOD on distance to public transit 
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(Stojanovski, 

2019a) 

Urban design and 

public transportation 

– public spaces, 

visual proximity and 

Transit-Oriented 

Development (TOD) 

TOD neglects 

processes of 

creating public 

spaces in visual 

proximity of 

transit stops 

design, public 

space, distance 

to public 

transit 

stockholm Statistics TOD patterns of public spaces that are much smaller 

than conventional walking radii. 
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B Appendices to chapter 4 

Table B.1 The result of DID model between SSA and TCSA 

(a) Restaurant 

 Pool OLS Year Fixed Model Station and Year Fixed 

Model 

Constant 344.874*** 

(12.839) 

376.220*** 

(12.854) 

348.997*** 

(35.655) 

treated * 

time 

149.834*** 

(3.389) 

64.938 

(1.171) 

138.666*** 

(6.226) 

R ² 0.536 0.297 0.514 

F 11.489,p=0.001 1.370,p=0.244 38.762,p=0.000 

 

(b) Retail 

 Pool OLS Year Fixed Model Station and Year 

Fixed Model 

Constant 687.411*** 

(11.269) 

750.324*** 

(11.177) 

718.458*** 

(31.248) 

treated * time 274.493*** 

(2.734) 

104.101 

(0.818) 

190.405*** 

(3.639) 

R ² 0.446 0.223 0.358 

F 7.476,p=0.007 0.669,p=0.415 13.246,p=0.000 
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(c) Entertainment 

 Pool OLS Year Fixed Model Station and Year 

Fixed Model 

Constant 357.828*** 

(9.566) 

397.221*** 

(9.624) 

353.182*** 

(27.579) 

treated * time 50.516 

(0.821) 

56.172 

(0.718) 

63.100** 

(2.165) 

R ² 0.191 0.298 0.227 

F 0.673,p=0.413 0.516,p=0.474 4.689,p=0.033 

 

(d) Business 

 Pool OLS Year Fixed Model Station and Year 

Fixed Model 

Constant 417.545*** 

(11.107) 

446.069*** 

(10.649) 

416.908*** 

(38.275) 

treated * time 42.636 

(0.689) 

34.617 

(0.436) 

44.361* 

(1.790) 

R ² 0.175 0.199 0.181 

F 0.475,p=0.492 0.190,p=0.664 3.203,p=0.077 

 

Note: * Significant at 0.1 level; ** Significant at 0.05 level; *** Significant at 0.01 

level 
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Table B.2 The result of DID model between SSAs and TCSAs in urban center  

(a) Restaurant 

 Pool OLS Year Fixed Model Station and Year 

Fixed Model 

Constant 461.058*** 

(10.117) 

472.956*** 

(9.163) 

485.010*** 

(26.732) 

treated * time 276.263*** 

(3.637) 

243.215** 

(2.465) 

209.730*** 

(5.001) 

R ² 0.667 0.654 0.623 

F 13.230,p=0.001 6.075,p=0.018 25.014,p=0.000 

 

(b) Retail 

 Pool OLS Year Fixed Model Station and Year 

Fixed Model 

Constant 700.602*** 

(5.480) 

691.215*** 

(4.727) 

799.284*** 

(18.511) 

treated * time 557.482** 

(2.616) 

583.557** 

(2.088) 

283.365*** 

(2.839) 

R ² 0.424 0.403 0.422 

F 6.846,p=0.012 4.358,p=0.043 8.062,p=0.007 
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(c) Entertainment 

 Pool OLS Year Fixed Model Station and Year 

Fixed Model 

Constant 538.525*** 

(6.670) 

579.834*** 

(6.370) 

540.426*** 

(18.980) 

treated * time 128.319 

(0.954) 

13.572 

(0.078) 

123.040* 

(1.870) 

R ² 0.300 0.042 0.292 

F 0.909,p=0.345 0.006,p=0.938 3.496,p=0.070 

 

(d ) Business 

 Pool OLS Year Fixed Model Station and Year 

Fixed Model 

Constant 470.245*** 

(5.434) 

486.215*** 

(4.906) 

491.094*** 

(20.292) 

treated * time 176.867 

(1.226) 

132.506 

(0.699) 

118.953** 

(2.127) 

R ² 0.388 0.349 0.330 

F 1.504,p=0.226 0.489,p=0.488 4.522,p=0.041 

Note: * Significant at 0.1 level; ** Significant at 0.05 level; *** Significant at 0.01 

level 
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Table B.3 The result of DID model between SSAs and TCSAs in suburb 

(a) Restaurant 

 Pool OLS Year Fixed Model Station and Year 

Fixed Model 

Constant 270.515*** 

(12.007) 

314.152*** 

(13.980) 

264.377*** 

(25.335) 

treated * time 78.624** 

(2.137) 

37.739 

(0.891) 

94.993*** 

(4.039) 

R ² 0.378 0.250 0.432 

F 4.567,p=0.036 0.793,p=0.376 16.314,p=0.000 

 

(b) Retail 

 Pool OLS Year Fixed Model Station and Year 

Fixed Model 

Constant 678.968*** 

(12.547) 

791.849*** 

(14.718) 

669.872*** 

(25.458) 

treated * time 105.226 

(1.191) 

195.790* 

(1.930) 

129.482** 

(2.183) 

R ² 0.239 0.639 0.284 

F 1.418,p=0.237 3.725,p=0.057 4.767,p=0.033 
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( c) Entertainment 

 Pool OLS Year Fixed Model Station and Year 

Fixed Model 

Constant 242.182*** 

(14.862) 

278.369*** 

(17.486) 

235.578*** 

(39.472) 

treated * time 11.062 

(0.416) 

85.435*** 

(2.846) 

28.674** 

(2.132) 

R ² 0.106 1.202 0.251 

F 0.173,p=0.679 8.100,p=0.006 4.544,p=0.037 

 

( d) Entertainment 

 Pool OLS Year Fixed Model Station and Year 

Fixed Model 

Constant 383.816*** 

(16.237) 

420.483*** 

(16.732) 

370.395*** 

(63.903) 

treated * time -35.794 

(-0.927) 

-133.571*** 

(-2.819) 

-0.002 

(-0.000) 

R ² -0.420 -2.444 -0.000 

F 0.860,p=0.357 7.945,p=0.006 0.000,p=1.000 

 

Note: * Significant at 0.1 level; ** Significant at 0.05 level; *** Significant at 0.01 

level 
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C Appendices to chapter 6 

Table C.1 Empirical studies on the impact of TOD on ridership (ridership variables)  

 

Study 
This 

study 

Zhao, 

(2013) 

Li, et al., 

(2020) 

Shao, et 

al., 

(2020) 

Ding, et al., 

(2019) 

Guzman, 

et al., 

(2021) 

Berawi, 

et al., 

(2021) 

Jun, et 

al., 

(2015) 

Lee & 

Hong 

(2013) 

Sung 

& Oh 

(2011) 

An, et 

al., 

(2019) 

Ding, et 

al., 

(2019) 

Zhao, et 

al., 

(2020) 

Kim, et 

al., (2016) 

Gan, et 

al., 

(2020) 

Chen, 

et al., 

(2019) 

Ma, et 

al., 

(2018) 

Case 
This 

study 
Nanjing Guangzhou Shenzhen 

Washington 

DC 
Bogota Jakarta Seoul Seoul Seoul Shanghai Shanghai Shanghai 

Los 

Angeles 
Nanjing Nanjing Beijing 

Ridenship variables 

Year   2011 2016 2015 2013 2015   2011 2011 2008 2015 2015 2015 2000/2010 2015 2017 2015 

Data period   1 day 1week 1day 1 day 
2 

months 
      2days 1 month 1day 1 week census 

1 

month 

2 

weeks 

1 

month 

Boarding -weekday √ √ √ √ √ √ √ √ √   
√ √ √ 

√ √ √   

Alighting -weekday √                 √     √   

Boarding -weekend √ √ 
√ 

              
√ 

        √   

Alighting -weekend √               √         √   

morning boarding √ √ 
√ 

    

√by hour 

      √         √ √ 

√by 

hour 

morning alighting √             √           √ 

evening boarding  √ √ 
√ 

                    √ √ 

evening alighting √                         √ 

off-peak boarding  √                         √ √ 

off-peak alighting  √                           √ 
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Table C.2 Empirical studies on the impact of TOD on ridership (Built environment variables)  

 

Study 

This 

stud

y 

Zhao, 

(2013) 

Li, et al., 

(2020) 

Shao, et 

al., 

(2020) 

Ding, et 

al., 

(2019) 

Guzma

n, et 

al., 

(2021) 

Berawi, et 

al., (2021) 

Jun, et al., 

(2015) 

Lee & 

Hong 

(2013) 

Sung & 

Oh 

(2011) 

An, et 

al., 

(2019) 

Ding, et al., 

(2019) 

Zhao, 

et al., 

(2020) 

Kim, et 

al., 

(2016) 

Gan, et al., 

(2020) 

Chen, 

et al., 

(2019) 

Ma, 

et al., 

(2018

) 

Case 

This 

stud

y 

Nanjing 
Guangzh

ou 

Shenzh

en 

Washingt

on DC 
Bogota Jakarta Seoul Seoul Seoul 

Shangh

ai 
Shanghai 

Shangh

ai 

Los 

Angeles 
Nanjing 

Nanji

ng 

Beijin

g 

Built environment variables 

Density variables 

Restaurant √ √                 √         
√(POI

) 
  

Retail √ 
√ 

(POI) 
        

√ 

(census) 
    

√ 

(census) 

√ 

(POI) 
    

√ 

(2000/20

10 

census) 

√ 

(census) 

√ 

(POI) 

√ 

(POI) 

Education √ √ 

√ 

(2015 

baidu) 

              √   √     
√ 

(POI) 
  

Health 

Care 
√ √ √               √   √     

√ 

(POI) 
  

Entertainm

ent 
√ √ √               √         

√ 

(POI) 
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Office 

building 
√ √ √       √ √   √ √     

√ 

(2000/20

10 

census) 

  
√ 

(POI) 
  

Residence 

community 
√ √ √         √   √ √       

√ 

(census) 

√ 

(POI) 

√ 

(POI) 

Hotel √ √         √       √         
√ 

(POI) 

√ 

(POI) 

Second-

hand 

apartment 

√                       √         

Floor area √               
√ 

(census) 

√ 

(census) 
              

population √ 

√ 

(2010TA

Z) 

√ 

(2015Q 

Q) 

√ 

(2015 

Census) 

√ 

(2013 

census) 

√ 

(2016 

census) 

  

√ 

(2010 

census) 

      

√ 

(2011 mobile 

signaling) 

  

√ 

(2000/20

10 

census) 

√ 

(census) 
    

employmen

t 
√ 

√ 

(2010TA

Z) 

√ 

(2015QQ

) 

√ 

(2018 

TAZ) 

√ √   √       

√ 

(2011 mobile 

signaling) 

  

√ 

(2000/20

11 

census) 

      

Industraial 

FAR 
    

√ 

(2015 

baidu) 

√

（2014 

Census) 
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Commercia

l FAR 
    

√

（2014 

Census) 

                        

Residential 

FAR 
    

√

（2014 

Census) 

                        

Park   √     √           √         
√ 

(POI) 
  

rental 

housing  
              √                   

Housing 

pfice 
                            

√ 

(lianjia) 
    

                                    

Diversity variable 

Shannon 

entropy 
√   √ 

√ 

(2015) 
√     

√ 

（land use 

by census) 

√ 

（land 

use by 

census) 

√ 

（land 

use by 

census) 

        
√ 

(census) 
    

Design variables 

Density-

bus stop 
√ √ √ 

√ 

(2018) 
√     √ √ √ √   √   

√ 

(census) 

√ 

(POI) 

√ 

(POI) 

Density-

road 
√ √ √ 

√ 

(2017) 
          √         

√ 

(census) 

√ 

(POI) 

√ 

(POI) 
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Methodolo

gy 

  OLS DRM GBDT GBDT OLS 

LP/linear 

programmi

ng 

Stepwise 

regression 

multiple 

regressi

on 

multiple 

regressi

on 

OLS OLS GWR OLS 
multiplicati

ve model  
OLS 

GTW

R 

    

backwar

d 

stepwise 

regressio

n 

      GWR             GBDT 
MD-

GWR 
  

Buffer   800m 800m adj 1000m 400m 500m   
300/600/90

0m 
500m 500m 600m 

500/1000/200

0m 

street 

area 

400/800

m 
800m 500m TAZ 

stations 67 55 75 117   87   284 214 214 286 286 286 50 112 128   

Line 
Metr

o 
Metro Metro 1--5 Metro BRT LRT Metro Metro Metro Metro Metro Metro Metro Metro Metro   
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D Appendices to chapter 6  

 

1. The result of F test, LM test and Hausman test 

 

Table D.1： The result of boarding ridership in weekday 

 

 F test LM test Hausman test 

 F P value χ² P value χ² P value 

M 1 33.66 0.0000 252.323 0.0000 52.363 0.0000 

 

Table D. 2： The result of alighting ridership in weekday 

 

 F test LM test Hausman test 

 F P value χ² P value χ² P value 

M 2 29.413 0.0000 236.443 0.0000 45.203 0.0000 

 

Table D.3： The result of boarding ridership on weekend 

 

 F test LM test Hausman test 

 F P value χ² P value χ² P value 

M 3 21.89 0.0000 236.443 0.0000 45.203 0.0000 

 

Table D.4： The result of alighting ridership on weekend 

 

 F test LM test Hausman test 

 F P value χ² P value χ² P value 

M 4 19.808 0.0000 195.192 0.0000 39.769 0.0000 

 

Table D.5： The result of boarding ridership in morning peak hours 

 

 F test LM test Hausman test 

 F P value χ² P value χ² P value 

M 5 21.696 0.0000 211.24 0.0000 417.247 0.0000 

 

Table D.6： The result of alighting ridership in morning peak hours 

 

 F test LM test Hausman test 

 F P value χ² P value χ² P value 

M 6 24.032 0.0000 224.059 0.0000 35.831 0.001 
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Table D.7： The result of boarding ridership in evening peak hours 

 

 F test LM test Hausman test 

 F P value χ² P value χ² P value 

M 7 38.099 0.0000 290.116 0.0000 48.456 0.0000 

 

Table D.8： The result of alighting ridership in evening peak hours 

 

 F test LM test Hausman test 

 F P value χ² P value χ² P value 

M 8 30.679 0.0000 236.602 0.0000 27.327 0.017 

 

Table D.9： The result of boarding ridership in off-peak peak hours 

 

 F test LM test Hausman test 

 F P value χ² P value χ² P value 

M 9 38.099 0.0000 290.116 0.0000 48.456 0.0000 

 

Table D.10： The result of alighting ridership in off-peak peak hours 

 

 F test LM test Hausman test 

 F P value χ² P value χ² P value 

M 10 37.377 0.0000 274.663 0.0000 55.422 0.0000 
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2. The result of pool OLS, Fixed effect model and Random effect model 

 

Table D.11： The result of boarding ridership in weekday 

 

Variables Pool OLS model Fixed effect model Random effect model 

Constant 0.172*** (3.765) -0.528*** (-4.898) 0.063 (1.133) 

Density-

residential 
-0.011 (-0.099) 1.911*** (4.780) 0.040 (0.265) 

Density-

employment 
-0.241** (-2.082) 0.183 (0.467) -0.172 (-1.136) 

Density-

restaurant 
0.558*** (3.640) 0.307** (2.289) 0.284** (2.213) 

Density-retail 0.168 (1.480) -0.120 (-1.273) -0.024 (-0.252) 

Density-

education 
0.007 (0.076) -0.099 (-1.227) 0.097 (1.327) 

Density-health 

Care 
0.131 (1.297) 0.266** (2.381) 0.283*** (2.700) 

Density-

entertainment 
-0.324** (-2.550) 0.008 (0.111) 0.075 (0.995) 

Density-office 

building 
0.382*** (4.081) 0.022 (0.393) 0.078 (1.381) 

Density-residence 

community 
-0.036 (-0.385) -0.006 (-0.129) 0.017 (0.349) 

Density-Second-

hand apartment 
0.456*** (4.913) 0.039 (0.454) 0.095 (1.128) 

Density-floor 

area 
-0.305*** (-3.729) -0.060 (-1.356) -0.133*** (-2.935) 

Shannon entropy -0.057 (-0.810) 0.053 (0.766) 0.040 (0.600) 

Dens-bus stop -0.146 (-1.606) 0.053 (0.617) 0.003 (0.036) 

Density-road 0.178** (2.218) -0.014 (-0.288) 0.044 (0.889) 

R ² 0.291 0.647 0.577 

Test 
F 

(14,253)=11.114,p=0.000 

F 

(14,187)=24.453,p=0.000 
χ²(14)=268.997,p=0.000 
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Table D.12： The result of alighting ridership in weekday 

 

Variables Pool OLS model Fixed effect model Random effect model 

Constant 0.196*** (4.044) -0.625*** (-5.119) 0.082 (1.350) 

Density-

residential 
-0.011 (-0.096) 2.029*** (4.485) 0.021 (0.127) 

Density-

employment 
-0.217* (-1.757) 0.470 (1.063) -0.178 (-1.081) 

Density-

restaurant 
0.592*** (3.632) 0.314** (2.074) 0.298** (2.068) 

Density-retail 0.232* (1.919) -0.183* (-1.713) -0.050 (-0.471) 

Density-

education 
0.027 (0.262) -0.038 (-0.417) 0.168** (2.039) 

Density-

health Care 
0.136 (1.266) 0.233* (1.842) 0.254** (2.156) 

Density-

entertainment 
-0.373*** (-2.759) 0.013 (0.152) 0.082 (0.961) 

Density-

office 

building 

0.400*** (4.012) 0.001 (0.015) 0.079 (1.232) 

Density-

residence 

community 

-0.037 (-0.367) -0.040 (-0.758) -0.005 (-0.088) 

Density-

Second-hand 

apartment 

0.513*** (5.193) 0.162* (1.653) 0.210** (2.216) 

Density-floor 

area 
-0.323*** (-3.703) -0.013 (-0.261) -0.103** (-2.007) 

Shannon 

entropy 
-0.063 (-0.835) 0.042 (0.541) 0.018 (0.245) 

Dens-bus stop -0.198** (-2.044) 0.088 (0.913) 0.007 (0.074) 

Density-road 0.169** (1.979) -0.026 (-0.473) 0.033 (0.591) 

R ² 0.288 0.642 0.566 

Test 
F 

(14,253)=12.205,p=0.000 

F 

(14,187)=23.975,p=0.000 
χ²(14)=258.222,p=0.000 
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Table D.13： The result of boarding ridership on weekend 

 

Variables Pool OLS model Fixed effect model Random effect model 

Constant 0.138*** (2.725) -0.606*** (-4.173) 0.042 (0.638) 

Density-

residential 
0.342*** (2.902) 1.457*** (2.706) 0.079 (0.464) 

Density-

employment 
-0.514*** (-4.002) 0.577 (1.095) -0.320* (-1.886) 

Density-

restaurant 
0.566*** (3.335) 0.492*** (2.729) 0.478*** (2.966) 

Density-retail 0.304** (2.414) 0.124 (0.977) 0.265** (2.231) 

Density-

education 
0.106 (1.003) -0.064 (-0.591) 0.130 (1.385) 

Density-

health Care 
0.125 (1.120) 0.385** (2.566) 0.294** (2.256) 

Density-

entertainment 
-0.439*** (-3.111) -0.120 (-1.201) -0.063 (-0.639) 

Density-

office 

building 

0.313*** (3.018) -0.011 (-0.152) 0.065 (0.877) 

Density-

residence 

community 

-0.079 (-0.759) -0.040 (-0.643) 0.003 (0.040) 

Density-

Second-hand 

apartment 

-0.182* (-1.769) -0.064 (-0.550) -0.136 (-1.282) 

Density-floor 

area 
-0.287*** (-3.159) -0.061 (-1.029) -0.146** (-2.462) 

Shannon 

entropy 
-0.069 (-0.877) 0.229** (2.478) 0.148* (1.795) 

Dens-bus stop -0.354*** (-3.503) -0.078 (-0.674) -0.211** (-2.061) 

Density-road 0.337*** (3.791) -0.064 (-0.977) 0.014 (0.218) 

R ² 0.312 0.633 0.581 

Test 
F 

(14,253)=10.380,p=0.000 

F 

(14,187)=23.015,p=0.000 
χ²(14)=260.552,p=0.000 

 

 

 

 

 

 

 

 



192 

 

Table D.14： The result of alighting ridership on weekend 

 

Variables Pool OLS model Fixed effect model Random effect model 

Constant 0.151*** (3.198) -0.534*** (-3.774) 0.079 (1.278) 

Density-

residential 
0.316*** (2.877) 1.096** (2.089) 0.060 (0.373) 

Density-

employment 
-0.461*** (-3.848) 0.836 (1.628) -0.305* (-1.906) 

Density-

restaurant 
0.550*** (3.470) 0.500*** (2.844) 0.474*** (3.061) 

Density-retail 0.318*** (2.709) 0.081 (0.652) 0.234** (2.045) 

Density-

education 
0.134 (1.355) 0.023 (0.220) 0.186** (2.060) 

Density-

health Care 
0.105 (1.004) 0.347** (2.369) 0.253** (2.025) 

Density-

entertainment 
-0.440*** (-3.349) -0.125 (-1.281) -0.078 (-0.814) 

Density-

office 

building 

0.288*** (2.967) -0.022 (-0.303) 0.061 (0.851) 

Density-

residence 

community 

-0.082 (-0.848) -0.077 (-1.273) -0.030 (-0.475) 

Density-

Second-hand 

apartment 

-0.191** (-1.994) -0.114 (-1.010) -0.172* (-1.681) 

Density-floor 

area 
-0.267*** (-3.154) -0.028 (-0.481) -0.111* (-1.932) 

Shannon 

entropy 
-0.077 (-1.046) 0.166* (1.838) 0.091 (1.146) 

Dens-bus stop -0.386*** (-4.089) -0.070 (-0.624) -0.227** (-2.311) 

Density-road 0.321*** (3.860) -0.050 (-0.778) 0.019 (0.296) 

R ² 0.319 0.625 0.572 

Test 
F 

(14,253)=11.051,p=0.000 

F 

(14,187)=22.272,p=0.000 
χ²(14)=253.672,p=0.000 
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Table D.15： The result of boarding ridership in morning peak hours 

 

Variables Pool OLS model Fixed effect model Random effect model 

Constant 0.149*** (3.244) -0.485*** (-3.671) 0.081 (1.344) 

Density-

residential 
0.118 (1.111) 2.830*** (5.779) 0.182 (1.148) 

Density-

employment 
-0.565*** (-4.850) -1.260*** (-2.629) -0.494*** (-3.120) 

Density-

restaurant 
0.383** (2.487) 0.044 (0.270) 0.080 (0.537) 

Density-retail 0.150 (1.319) -0.256** (-2.221) -0.093 (-0.849) 

Density-

education 
0.084 (0.876) 0.011 (0.113) 0.201** (2.321) 

Density-

health Care 
0.162 (1.599) 0.282** (2.066) 0.276** (2.291) 

Density-

entertainment 
-0.308** (-2.409) 0.073 (0.800) 0.097 (1.068) 

Density-

office 

building 

0.451*** (4.793) 0.057 (0.847) 0.115* (1.696) 

Density-

residence 

community 

0.060 (0.632) 0.069 (1.231) 0.097 (1.638) 

Density-

Second-hand 

apartment 

0.352*** (3.772) 0.276*** (2.610) 0.222** (2.260) 

Density-floor 

area 
-0.210** (-2.555) -0.075 (-1.377) -0.150*** (-2.744) 

Shannon 

entropy 
-0.040 (-0.562) -0.016 (-0.191) -0.032 (-0.422) 

Dens-bus stop -0.077 (-0.836) 0.004 (0.041) 0.004 (0.042) 

Density-road 0.069 (0.859) 0.011 (0.178) 0.069 (1.157) 

R ² 0.282 0.598 0.515 

Test 
F 

(14,253)=11.180,p=0.000 

F 

(14,187)=19.874,p=0.000 
χ²(14)=213.412,p=0.000 
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Table D.16： The result of alighting ridership in morning peak hours 

 

Variables Pool OLS model Fixed effect model Random effect model 

Constant 0.074* (1.958) -0.516*** (-4.935) 0.058 (1.177) 

Density-

residential 
0.047 (0.535) 0.666* (1.718) -0.130 (-0.990) 

Density-

employment 
0.065 (0.675) 1.774*** (4.678) 0.148 (1.126) 

Density-

restaurant 
0.311** (2.442) 0.439*** (3.381) 0.324*** (2.693) 

Density-retail 0.225** (2.381) -0.106 (-1.156) 0.029 (0.325) 

Density-

education 
0.031 (0.391) -0.047 (-0.595) 0.121* (1.744) 

Density-

health Care 
-0.067 (-0.795) 0.120 (1.111) 0.096 (0.978) 

Density-

entertainment 
-0.121 (-1.141) 0.041 (0.565) 0.123* (1.691) 

Density-

office 

building 

0.129 (1.650) -0.038 (-0.706) 0.024 (0.443) 

Density-

residence 

community 

-0.015 (-0.189) -0.076* (-1.697) -0.033 (-0.704) 

Density-

Second-hand 

apartment 

0.198** (2.560) -0.064 (-0.766) 0.010 (0.130) 

Density-floor 

area 
-0.200*** (-2.935) -0.009 (-0.209) -0.075* (-1.722) 

Shannon 

entropy 
-0.036 (-0.603) -0.027 (-0.410) -0.012 (-0.192) 

Dens-bus stop -0.234*** (-3.082) -0.006 (-0.066) -0.114 (-1.496) 

Density-road 0.206*** (3.088) -0.026 (-0.543) 0.023 (0.485) 

R ² 0.3 0.612 0.521 

Test 
F 

(14,253)=10.464,p=0.000 

F 

(14,187)=21.036,p=0.000 
χ²(14)=220.404,p=0.000 
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Table D.17： The result of boarding ridership in evening peak hours 

 

Variables Pool OLS model Fixed effect model Random effect model 

Constant 0.068** (2.088) -0.240*** (-3.290) 0.035 (0.951) 

Density-

residential 
-0.097 (-1.272) 0.282 (1.041) -0.154 (-1.473) 

Density-

employment 
0.098 (1.181) 0.920*** (3.475) 0.184* (1.760) 

Density-

restaurant 
0.315*** (2.862) 0.330*** (3.634) 0.282*** (3.340) 

Density-retail 0.231*** (2.834) -0.028 (-0.442) 0.023 (0.382) 

Density-

education 
0.060 (0.869) -0.016 (-0.293) 0.072 (1.496) 

Density-

health Care 
-0.031 (-0.423) 0.087 (1.153) 0.090 (1.294) 

Density-

entertainment 
-0.080 (-0.879) 0.023 (0.452) 0.065 (1.332) 

Density-

office 

building 

0.093 (1.389) 0.015 (0.411) 0.039 (1.056) 

Density-

residence 

community 

-0.070 (-1.035) -0.010 (-0.336) -0.002 (-0.075) 

Density-

Second-hand 

apartment 

0.223*** (3.353) -0.167*** (-2.849) -0.090 (-1.630) 

Density-floor 

area 
-0.132** (-2.241) -0.023 (-0.760) -0.050* (-1.690) 

Shannon 

entropy 
-0.013 (-0.253) 0.005 (0.112) 0.008 (0.191) 

Dens-bus stop -0.120* (-1.832) 0.054 (0.931) 0.007 (0.129) 

Density-road 0.113* (1.963) -0.005 (-0.137) 0.018 (0.559) 

R ² 0.374 0.616 0.576 

Test 
F 

(14,253)=14.139,p=0.000 

F 

(14,187)=21.441,p=0.000 
χ²(14)=287.451,p=0.000 
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Table D.18： The result of alighting ridership in evening peak hours 

 

Variables Pool OLS model Fixed effect model Random effect model 

Constant 0.174*** (3.717) -0.381*** (-3.317) 0.118** (2.084) 

Density-

residential 
0.127 (1.173) 2.330*** (5.464) 0.211 (1.362) 

Density-

employment 
-0.486*** (-4.103) -0.885** (-2.121) -0.502*** (-3.256) 

Density-

restaurant 
0.592*** (3.776) 0.182 (1.274) 0.187 (1.391) 

Density-retail 0.028 (0.237) -0.234** (-2.327) -0.132 (-1.347) 

Density-

education 
-0.027 (-0.277) -0.053 (-0.618) 0.113 (1.461) 

Density-

health Care 
0.285*** (2.766) 0.292** (2.458) 0.329*** (2.998) 

Density-

entertainment 
-0.498*** (-3.832) 0.033 (0.410) 0.058 (0.726) 

Density-

office 

building 

0.429*** (4.481) 0.036 (0.615) 0.088 (1.474) 

Density-

residence 

community 

-0.058 (-0.605) -0.044 (-0.897) -0.017 (-0.325) 

Density-

Second-hand 

apartment 

0.362*** (3.818) 0.232** (2.518) 0.210** (2.380) 

Density-floor 

area 
-0.281*** (-3.362) -0.063 (-1.340) -0.132*** (-2.751) 

Shannon 

entropy 
-0.054 (-0.751) -0.038 (-0.514) -0.038 (-0.557) 

Dens-bus stop -0.190** (-2.038) 0.067 (0.741) 0.025 (0.289) 

Density-road 0.207** (2.526) 0.001 (0.018) 0.058 (1.101) 

R ² 0.108 0.568 0.493 

Test 
F 

(14,253)=10.577,p=0.000 

F 

(14,187)=17.575,p=0.000 
χ²(14)=193.479,p=0.000 
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Table D.19： The result of boarding ridership in off-peak peak hours 

 

Variables Pool OLS model Fixed effect model Random effect model 

Constant 0.068** (2.088) -0.240*** (-3.290) 0.035 (0.951) 

Density-

residential 
-0.097 (-1.272) 0.282 (1.041) -0.154 (-1.473) 

Density-

employment 
0.098 (1.181) 0.920*** (3.475) 0.184* (1.760) 

Density-

restaurant 
0.315*** (2.862) 0.330*** (3.634) 0.282*** (3.340) 

Density-retail 0.231*** (2.834) -0.028 (-0.442) 0.023 (0.382) 

Density-

education 
0.060 (0.869) -0.016 (-0.293) 0.072 (1.496) 

Density-

health Care 
-0.031 (-0.423) 0.087 (1.153) 0.090 (1.294) 

Density-

entertainment 
-0.080 (-0.879) 0.023 (0.452) 0.065 (1.332) 

Density-

office 

building 

0.093 (1.389) 0.015 (0.411) 0.039 (1.056) 

Density-

residence 

community 

-0.070 (-1.035) -0.010 (-0.336) -0.002 (-0.075) 

Density-

Second-hand 

apartment 

0.223*** (3.353) -0.167*** (-2.849) -0.090 (-1.630) 

Density-floor 

area 
-0.132** (-2.241) -0.023 (-0.760) -0.050* (-1.690) 

Shannon 

entropy 
-0.013 (-0.253) 0.005 (0.112) 0.008 (0.191) 

Dens-bus stop -0.120* (-1.832) 0.054 (0.931) 0.007 (0.129) 

Density-road 0.113* (1.963) -0.005 (-0.137) 0.018 (0.559) 

R ² 0.374 0.616 0.576 

Test 
F 

(14,253)=14.139,p=0.000 

F 

(14,187)=21.441,p=0.000 
χ²(14)=287.451,p=0.000 
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Table D.20： The result of alighting ridership in off-peak peak hours 

 

Variables Pool OLS model Fixed effect model Random effect model 

Constant 0.227*** (5.398) -0.203** (-2.148) 0.084* (1.771) 

Density-

residential 
-0.094 (-0.960) 0.770** (2.195) 0.021 (0.160) 

Density-

employment 
-0.045 (-0.423) 0.132 (0.385) -0.090 (-0.677) 

Density-

restaurant 
0.356** (2.524) 0.114 (0.967) 0.139 (1.280) 

Density-retail 0.131 (1.249) -0.073 (-0.879) -0.040 (-0.505) 

Density-

education 
-0.048 (-0.539) -0.018 (-0.253) 0.047 (0.768) 

Density-health 

Care 
0.017 (0.184) 0.095 (0.965) 0.104 (1.165) 

Density-

entertainment 
-0.138 (-1.175) 0.021 (0.326) 0.045 (0.714) 

Density-office 

building 
0.256*** (2.958) -0.023 (-0.470) 0.021 (0.441) 

Density-

residence 

community 

0.015 (0.176) -0.019 (-0.458) -0.010 (-0.237) 

Density-

Second-hand 

apartment 

0.503*** (5.878) 0.033 (0.440) 0.101 (1.427) 

Density-floor 

area 
-0.262*** (-3.477) -0.002 (-0.064) -0.043 (-1.126) 

Shannon 

entropy 
-0.115* (-1.761) 0.035 (0.575) -0.008 (-0.135) 

Dens-bus stop -0.032 (-0.379) 0.172** (2.288) 0.116* (1.683) 

Density-road 0.018 (0.242) 0.001 (0.033) 0.014 (0.330) 

R ² -0.248 0.324 0.283 

Test 
F 

(14,253)=7.395,p=0.000 

F 

(14,187)=6.395,p=0.000 
χ²(14)=79.519,p=0.000 
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