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Abstract: TOD (transit-oriented development) is a planning concept that uses public transportation
stations as the center of development, and it aims to integrate land use efficiency and transportation
planning linkages to encourage the use of public transportation. The impact of metro TOD projects
on urban transportation is multifaceted and complex, and the promotion of metro TOD ridership is
an important topic in academic circles. However, the theoretical analysis framework of the impact
mechanism of metro TOD ridership is still not perfect. Most studies ignore the TOD characteristics of
the stations and the interaction between the station area’s land use and the station area functional
linkage. Moreover, a few studies have focused on the mechanisms of the impact of TOD built
environment factors on the spatial differentiation of station ridership, and the interactive effects of
built environment factors. In this paper, the factors of a metro TOD station built environment were
selected based on the node—place-linkage model expanded by the 5D principle of TOD, and a solution
is provided for the computable transformation of the 5D principle. The GeoDetector method was
used to detect the individual and interactive effects of the TOD built environment factors. The results
show that the spatial distribution of the metro TOD station area ridership shows a core—peripheral
structure and spatial heterogeneity, both on weekdays and weekends. Moreover, the individual
effects of each factor can explain up to 49% and 35% of the traffic distribution on weekdays and
weekends, respectively. In addition, the two-factor interactive effect has a stronger influence on metro
ridership. The interactive effect can explain up to 72% and 77% of the traffic distribution on weekdays
and weekends, respectively. Furthermore, the individual effects of each factor exhibited spatial
heterogeneity in the local spaces, showing spatial facilitation and inhibition, respectively. Finally, the
main policy recommendations are as follows: One of the important ways to guide the development
of cities toward polycentric structure is to promote a TOD model in the peripheral areas of the cities.
Building more public open spaces in TOD station areas and improving the collection and distribution
capacity of the bus transport systems can effectively stimulate the ridership of metro stations.

Keywords: metro ridership; built environment; GeoDetector; node—place-linkage model; Guangzhou

1. Introduction

In the context of the smart growth and new urbanism in the United States, effective
responses to urban sprawl development and reducing urban traffic congestion and air
pollution have become important issues [1]. In response to these theories, transit-oriented
development (TOD) has become popular in urban planning practice [2—4]. As it is de-
scribed as a planning approach that is designed to integrate land use and transportation
planning, TOD is conceptually designed to encourage people to walk, cycle, and use public
transportation rather than drive cars. It is utilized in the development of neighborhoods
around high-density, mixed-use public transportation stations to create a walkable built
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environment [1,5,6]. The TOD model is emerging as a sustainable spatial planning strategy
to achieve the goal of public transportation mobility [7-9]. Over the past three decades, an
increasing number of Chinese cities have constructed new rail transit systems, reshaping
the public transportation networks of cities and guiding TOD. As an urban development
model, TOD can effectively organize various functional units in cities, guide people to
take advantage of more low-carbon and environmentally friendly travel modes, and im-
prove the land construction of metro station areas in terms of compactness and efficiency
to alleviate problems such as urban land constraints and sprawl [10,11]. TOD projects
effectively integrate public transportation networks with urban land use development, and
they are widely considered to be an efficient spatial planning tool [7,12,13]. The completion
of new TOD projects and the improvement of the quality of the built environment around
the station facilities not only changes the spatial distribution of regional ridership and
improves the travel patterns of more residents. According to the theories of environmental
psychology [14,15], the completion and quality of a TOD station area as a built environment
will affect the travel behavior of local people, and thus, it will have an impact on the station
ridership.

For the sustainability of urban metro TOD projects and the feasibility of new projects,
it is of great interest to study the connection between the metro facilities and the built
environment of metro TOD stations [16]. A TOD station area is a spatial unit within a
certain distance from a metro station [17,18], and there are multiple complex influences of a
TOD built environment on metro station ridership [19,20]; there are many of them due to
the diversity of the influencing factors, and they are complex in the sense that there may be
an individual factor or a combination of factors. The studies on the influence of metro TOD
on ridership can provide planning references for the development of urban transportation
and urban spaces and their renewal [4,21,22]. However, the existing research has not yet
fulfilled the terms of the theory and method of TOD built environment evaluation index
selection and the heterogeneity of the TOD built environment impact on station ridership.

In terms of research theory, the current studies on TOD station area spaces are mainly
based on the 3D or 5D principles of TOD [23-26]. As an analytical framework, a node—place
model is often used to evaluate the characteristics of TOD site attributes and opportunities
for the differentiated development of TOD station spaces [27]. The model aims to analyze
two functions of TOD and their interactions: the locational characteristics of TOD (“node”
function) and the development of land for people’s activities (“place” function) [9,28,29],
which incorporates the 3D principles of TOD (Density, Diversity, and Design) into the
specific expression of the place function. Although this analytical framework promotes the
development of station area planning methods for TOD, it ignores the interaction of the
TOD site location characteristics with the station area’s land use and the coupled linkage of
station area functions [30]. Therefore, we consider the TOD site attribute characteristics and
the “5D” principle of TOD (Density, Diversity, Design, Distance to transit, and Destination
accessibility) and add the “linkage” dimension to the node—place model for the evaluation
of the TOD station characteristics [8,9]. Since TOD is only a planning concept and there is
a lack of unified planning standards, scholars have used the node—place-linkage model
differently, but the common denominator is that they are research studies which aim to
increase metro ridership [8,9,31,32]. However, it is certain that the TOD principles provide
a theoretical framework for TOD spatial studies, while each TOD station area study relies
on the interpretation of TOD connotations and 3D (or 5D) principles, which are translated
into corresponding methods to achieve the factor measurement of principle transformation
and the acquisition of built environment data. Although the extended node—place-linkage
model is advantageous for summarizing the characteristics of the TOD station areas, studies
on the use of the node—place-linkage model to explain metro ridership are still relatively
limited [28,32].

In terms of the research methodology, in recent years, due to the application of the
direct ridership model (DRM), there has been an increasing number of studies investigating
the factors affecting the ridership at TOD stations by estimating ridership as a function
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of the characteristics of each TOD built environment [19,20]. These studies introduced
ordinary least squares regression, structural equation modeling, Poisson regression, dis-
tance decay regression, and other models to explore the influence relationship between
the built environment of a TOD station area and station ridership [17,19,33-35]. Urban
planning practitioners and policy makers can easily understand the process and results of a
model analysis and respond accordingly [36]. Later studies have suggested that the use of
geographically weighted regression (GWR) and geographically and temporally weighted
regression (GTWR), etc., could overcome the spatial heterogeneity problem that exists in
the built environment [20,29,37,38]. In addition, models such as GWR consider spatial
instability can reveal the spatial heterogeneity of the whole spatial parameters and quantify
the influence coefficients of each factor on the dependent variable in the local space. How-
ever, the influence mechanism of metro ridership is multifaceted and complex, and the
coupling and interactive effects among the factors cannot be ignored [39], which is crucial
for exploring the variation mechanism of subway ridership. The GeoDetector model is an
effective tool that is used to explain the spatial heterogeneity of spatial parameters and to
detect the individual and interactive effects of potential influencing factors [40]. Compared
with the GWR model, the GeoDetector model is characterized by the ability to detect the
interactive effects of the factors on the dependent variable. However, the GeoDetector
model has only been applied to detect the interactive effects of bike sharing usage or traffic
congestion on the built environment factors in transportation studies [39,41], and we have
not yet found any application that can be used to explore the influence mechanisms that
affect metro ridership.

In this study, we propose two objectives, the first of which is a theoretical objective.
We hope that the node—place-linkage model, which is based on the 5D principle of TOD,
can explain the influence mechanism of built environment factors on metro ridership. This
can improve the research on the expanding “node—place” model to explain the influence
mechanism of metro ridership. The second objective is empirical. This study aimed to use
the GeoDetector method to explore the influence of the built environment factors on metro
ridership, individual and interactive factor effects, and the local spatial differences in the
influence of the built environment factors. Guangzhou, the third largest city in China in
terms of metro mileage, was selected for this empirical study, and the results of the study
will provide reference suggestions for the sustainable development and land use spatial
planning of urban TOD model.

This study is divided into five sections. Following the introduction, Section 2 reviews
the existing literature, Section 3 describes the study area and research methodology used,
Section 4 discusses the implications based on the analysis, Section 5 presents the results of
this study, and Section 6 summarizes the findings and proposes relevant policy implications.

2. Review
2.1. Relationship between Metro TOD Station Area and Metro Ridership

A large number of studies have been conducted to analyze the factors affecting the
ridership at metro stations, and the types of influencing factors include the metro TOD
station characteristics, as well as socioeconomic factors, and the built environment of the
metro station area [42—44]. In terms of the metro TOD station characteristics, metro ridership
is related to metro station types (interchange and intermediate stations). Interchange
stations tend to attract more ridership than intermediate stations do due to the multiple
lines passing through them [17,20]. Additionally, the path distance of a metro TOD station
from the city center [35,45] and its accessibility in the metro network [46] are correlated
because people generally prefer to use public transportation to travel in the city center. As
the distance to the city center increases, the time taken to travel by car significantly increases,
whereas the increase in this by public transportation is much more larger [47]. In addition,
the economic locations of the metro TOD station areas are also correlated with metro
ridership, and the station areas with higher economic locations can be spatially represented
as generating more economic activity, thus promoting the use of public transportation [48].
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In terms of the important factors affecting ridership, the built environment factors of
the metro TOD station areas can be categorized into three dimensions: density, diversity,
and design [49]. The density of the station area is a key factor stimulating ridership,
including the building density and population density of the station area, and it has a
positive correlation with metro ridership [13,50-52]. The significance of this is that the large
number of commercial and entertainment services available around metro station areas can
attract more people to use the metro [53]. Additionally, a higher land use mix is considered
to be a key factor that is positively correlated with metro ridership [4]. This is manifested
by the diversity of land uses in the planar space and the mix of building uses in the vertical
direction of the metro station area, both of which can be effective land use policies that
increase transit ridership [38]. In addition, metro station areas are designed to combine a
land functional mixture to create more livable neighborhoods, making it easier for people to
walk to the stations and increasing ridership [2,19]. The traditional grid-like neighborhood
layout pattern improves the ease of access to the metro stations, and the density of the
intersections and public open spaces in the neighborhood contribute to people’s interaction
activities and neighborhood vitality [54,55]. Therefore, at the design level, the number of
road intersections and the area of the public open space in the metro station area have a
catalytic effect on increasing metro ridership.

However, metro station ridership is not only related to the built environment of
the TOD station area, but it is also closely linked to the ease of public transportation
interchanges in the surrounding area. The higher the ease of access to public transit services
in a metro TOD station area is, the more frequently that people will use the metro and
public transport [34,47,52]. Easier Better pedestrian accessibility within the metro TOD
station area is also considered to be one of the key factors in increasing metro station
ridership [8].

The above studies provide a basis for the selection of the built environment factors
of the metro TOD station areas explored in this paper. The difference is that this study
considers not only the influence of individual factors on ridership, but also the influence of
interactions between the factors.

2.2. Evaluation Methodology

In terms of the methodology, various measurement models have been used to analyze
the relationship between the influence of the metro TOD station areas and their ridership.
Using the direct ridership model (DRM), the study can investigate the influencing factors
of ridership at TOD stations by constructing regression functions of the TOD built envi-
ronment characteristics factors [19,20]. The most popular method is the use of ordinary
least squares regression (OLS) to analyze the influence of external factors on metro sta-
tion ridership [18,33,34,56]. Subsequent scholars have also used the Poisson regression
model [35,57], distance-decay weighted regression [19], and the structural equation model
(SEM) [17] in order to study the determinants affecting metro station ridership. However,
the above models have shortcomings in their spatial influence analyses as they assume that
the influence parameters of the factors are spatially consistent [20]. Therefore, they cannot
explain the existence of spatial autocorrelation and spatial unsteadiness of the dependent
variable, which is manifested as the spatial heterogeneity of ridership in the metro TOD
station area [37,58,59]. Spatial heterogeneity refers to the fact that the metro station areas
that are close to each other have similar characteristics, while the metro station areas that
are far from each other have different characteristics, thus leading to the existence of spatial
heterogeneity in metro station ridership.

As it is a local regression model, geographically weighted regression (GWR) is consid-
ered to be a better approach, especially for solving the problems of spatial autocorrelation
and spatial non-smoothness in modeling [20,29,60-62]. These studies also confirmed that
the GWR model outperforms the global linear models such as OLS regression in terms of
predictive performance and realistic conclusions. In recent years, various improved GWR
models have been introduced to analyze the impact mechanism of metro ridership, and all
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of these models aim to improve the accuracy of the ridership regression analysis [63-66].
The GeoDetector model is also a spatial and statistical method that is used to measure
spatial heterogeneity and the driving forces behind it [40,67,68], and this model has differ-
ent characteristics compared to those of the GWR model. In the GeoDetector model, the
linear correlation of geographic variables does not have to be assumed, and it can detect
the degree of influence of factor interaction combination effects on the spatial heterogeneity
of the dependent variable. With the GeoDetector factor detector and interaction detector
modules, it is possible to clarify the statistically significant independent variables and their
explanatory power on the dependent variable. GeoDetector is based on a spatially stratified
heterogeneity analysis, which compares the intra-stratigraphic spatial variance and the
between-strata spatial variance. The main advantage of spatially stratified heterogeneity
analysis is that geographic variables do not require any assumptions and it reflects the true
spatial association of geographic attributes [40]. However, both OLS regression and GWR
regression are modeled by mechanisms based on the assumption of a linear correlation
between the independent and dependent variables, and thus, they are linearly correlated
impact evaluation models. GeoDetector is a nonlinear correlation model.

However, there are multiple complex influence mechanisms of geographic phenomena,
i.e., they may exist as spatial phenomena due to the combined effects of mono- or multi-
factors [39]. Therefore, the influence of an individual built environment factor on metro
ridership cannot only be focused on the interaction between these influencing factors.
The interaction detector module of GeoDetector is used to further determine whether
there is an interaction between the independent variables and their strength and type
of interaction [69-73]. However, at present, among the effects of the built environment
factors in transportation, we found that only the GeoDetector model has been applied to
detect the interactive effects between bike sharing usage or road traffic congestion and
the built environment factors [39,41], and we have not yet found applications to explore
the influence mechanisms affecting metro ridership. Exploring the interaction between
the factors is crucial for public transportation planning and it should be a key focus of
transportation research. In order to improve the application of the GeoDetector model
in the influence effect of metro ridership, this study focuses on using this model (factor
detector and interaction detector module) to analyze the influence mechanism between
the built environment of the metro TOD station area and metro station ridership, further
comparing the influential difference between the individual effect of each factor and the
interactive effect between each of the two factors. Ultimately, the findings of this research
can be used to provide relevant policy support for the construction of urban metro TOD
station areas.

3. Materials and Methods
3.1. Study Domain

Guangzhou (Canton), the capital of Guangdong Province, is the political, economic,
educational, and cultural center of South China, covering an area of 7434 km? with a
population of 18.81 million inhabitants (2020). Guangzhou is an ideal case study for
unravelling the relationship between the built environment factors of metro TOD stations
and metro ridership and informing policy responses of urban planners for several reasons.
Firstly, Guangzhou has a large number of metro lines in operation with a large coverage
in terms of distance. Guangzhou is the third largest city in China in terms of population
as well as metro mileage. As of 2020, Guangzhou had 15 metro lines, covering a total
distance of 515 km, ranking among the top three largest metro networks in the world.
Secondly, Guangzhou’s metro ridership is huge, with it remaining stable and rising all year
round. In 2020, 2.413 billion trips were made, with an average daily ridership of 6.5916
million, ranking second in China. Thirdly, a vast number of metro stations are planned
for the future; therefore, there is great potential to carry out a ridership study on these
planned metro stations. According to the 2025 long-term plan for Guangzhou Metro, the
city will accommodate 23 metro lines with a total combined distance of 981.8 km. As
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shown in Figure 1, this study selected 213 metro stations in Guangzhou that were opened
in November 2020 as the research object.

0 2000 km

Figure 1. Study domain and 800 m metro station area (Thiessen polygon buffers).

3.2. Determination of Metro TOD Station Area

From the planning and construction process of TOD in Guangzhou, a few TOD station
areas have been constructed and developed in Guangzhou. Therefore, the TOD station area
defined in this study is oriented to planning and construction, rather than to the current
environment of the TOD station area. Under the guidance of the TOD model, a complex
space with mixed functions is formed around a certain range of transportation stations
(referred to as the TOD station area in this study), and the delineation of the TOD station
area is mainly based on the station as the center, with 500~1000 m being the radius or the
reachable range of 10~15 min of travel on foot. According to relevant studies, the influence
area of the rail station area is a radius of 1500 m around the station area, and the core area is
800 m around the station area [1,18,20,29]. The document entitled Implementation Rules for
the Construction and Comprehensive Development of Land Around the Guangzhou Metro Station
Complex proposes that the comprehensive development of the land around a metro station
should be combined with the TOD theory to establish a complex urban functional area
within an 800 m (about 15 min walking distance) radius of the station complex, contributing
to successful urban development. Therefore, this study selects an 800 m radius around the
Guangzhou metro station, instead of the 800 m walking path, as the spatial boundary of
the TOD station area.

In our study, it is very important to consider the radius range that the metro TOD
station area can realistically influence. Firstly, the role of natural boundaries in the actual
sphere of influence of the TOD station area cannot be ignored, especially if this influences
its ridership. The area through which the river passes does not encompass the metro TOD
station’s area of influence. These areas of influence are also partially blocked by the river,
so the above mentioned areas need to be erased [74]. Secondly, each statistical area of the
metro TOD station area needs to ensure the independence of the study area. The extent
of the 800 m radius buffer zone between the metro TOD station areas tends to overlap,
especially in central urban areas. To avoid some elements being double-counted by the
station areas, a Thiessen polygon analysis was used [29,62,74,75]. The final example of
metro TOD station area in this study (Thiessen polygon buffers) is shown in Figure 1.
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3.3. Metro Smart Card Data Processing

Smart card data, including those from smart card IDs, metro station IDs, and exit or
entry times and dates, were obtained from Guangzhou Metro for Thursday, 17 September
2020 and Sunday, 20 September 2020. According to the 2020 Guangzhou Metro Annual
Report, metro ridership returned to high and stable levels during July and August, thus we
avoided the impact caused by the city’s COVID-19 epidemic prevention policy. During this
period, Guangzhou did not host festivals, major exhibition events, or sporting events, nor
did it experience fare adjustments or extreme weather such as typhoons, thereby excluding
the potential impact of price changes and emergencies. We counted two indicators: the
daily ridership on weekdays and at weekends in order to recognize and explain the spatial
distribution characteristics of Guangzhou metro ridership and its driving mechanism.

3.4. Selection of Built Environment Impact Factors for Metro TOD Station Area

Based on the 5D principle of TOD (Density, Diversity, Design, Distance to transit, and
Destination accessibility) proposed by Cervero, the impact factors of the metro TOD station
area were constructed based on the node-place-linkage model as the analysis framework
(Figure 2). @ The node dimension reflects the relationship between the metro TOD station
area, the metro network, and the city that is expressed by each type of location. The route
distance to the city center reflects the urban location of the TOD station area, the average
land price within the radius of the station area reflects the economic location of the station
area, the average travel time from the station area to each metro station area reflects the
transportation location, and the type of metro station area—an interchange or intermediate
station—reflects the rail network location of the station area. (2) The place dimension
reflects the development intensity of the metro TOD station area, which is expressed in
terms of station area density, diversity, and design indicators. The density sub-dimension
indicates the density and functions of the urban population, the diversity sub-dimension
indicates the functional mix of different land use types and the buildings where they are
located, and the design sub-dimension indicates the friendliness of the built environment
for the residents’ daily travel use. (3) The linkage dimension reflects the internal spatial
structure of the metro station area, which is expressed in terms of traffic transfer capacity
and its walking accessibility. The number of bus lines within the station area reflects the
convenience of the interchange; the ratio of the 800 m walkable boundary to the TOD station
area reflects the walkability of the station area. The selection of impact factors follows the
following principles: (1) matching them with the theoretical construction of the expanded
node—place model; (2) consistency with the related literature; (3) the availability of data;
(4) reflecting the characteristics of Guangzhou TOD station area construction. Finally, an
index system with 14 impact factors was constructed. The indicator system is shown in
Tables 1 and 2.

3.5. Modeling the Impact of Ridership Analysis at Metro Stations Using the GeoDetector

The GeoDetector proposed by Wang et al. is advantageous for detecting spatial hetero-
geneity and in revealing the driving forces behind it, especially in revealing the individual
and interactive effects of influencing factors on the dependent variables [40,69-72]. Among
the GeoDetector modules, the two most common modules used in geography are the factor
detector and the interaction detector, while the risk detector and the ecological detector are
more widely used in the ecological domain [76,77].
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Table 1. TOD Indicator system.

Dimension Sub-Dimension Factor Name Calculation Methodology
Use the “route planning” module of Amap API to measure
N; Distance to city the distance of public transportation from the station area to
center the city center (https://Ibs.amap.com (accessed on 10 July
2022)).
Based on the benchmark land price data of Guangzhou city,
Node Station characteristic N Economic location the average land price within the station area was
measured.
Use the “route planning” module of Amap API to measure
N3 Metro travel time the average travel time of the metro from “station to
station”.
Ny Metro station type Whether it is an interchange station (1 = Yes; 0 = No).
P+ Fl . Use the Amap API to obtain building data and correct it to
1 Floor area ratio . o .
measure the average volume ratio within the station area.
Extract Worldpop 100 m population grid data and correct it
. . with the 2020 Census of China and use ArcGIS Zonal
) P, Population Density Statisti
Density atistics as Table tool to count the average number of
people (person/km?) falling into the station area.
P~ Business Densit Density of commercial POIs within the station area
3 Y (pcs/km?) is calculated by using Amap POI data.
P, Enterprise densit Density of Enterprise POIs within the station area
4 P y (pcs/km?) is calculated by using Amap POI data.
F=1-— WM
Where a = Max (D, Dy, D3, Dy, D5, Dg); b = Min (D1, Dy, D3,
P5 Land functional D4, D5, D6),' c= Avemge (D1/ Dz, D3, D4, D5, D6),' d = Sum
Place mixture (Dq, Dy, D3, Dy, D5, Dg); D1: commercial service land; Dy:
) ) business office land; Dj: residential land; Dy: industrial
Diversity land; Ds: public service facility land; Dg: culture, sports and
leisure land; Dy ~Dg indicate the proportion of land area.
n fe
P¢ Land use Hy = — Y bilog(b;), bi = %
th.ree—dlmensmnal Where A; is the floor area of building j on land use type i,
mixture and f; is the number of building floors. i € [D; : Dg].
P7 Number of road Ratio of the number of road intersections to the area of
intersections metro stations (pcs/ km?).
The sum of the public open space areas within the metro
Design Py Area of public open station area (includh.ng plaga space, open sports venues and
space arenas, open parks, 1nc1.ud1ng the public open space area of
mountain parks according to the 10 m buffer zone on both
sides of the path).
Distance to transit L, Number of bus lines ;Zrc;gnting the number of bus lines within the metro station
Linkage Use the service area analysis tool in ArcGIS network

Destination Accessibility

L, Pedestrian shed ratios

of metro station area

analysis module to measure the 800 m walkable boundary
of the station area and count the shed ratio of the walkable
area to the area of the station area.
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Table 2. Descriptive statistics of the selected factors.
Factors Max Min Ave. Std.
Nj Distance to city center 66.91 3.81 21.48 16.45
N, Economic location 25,077.69 2495.58 11,514.43 6251.87
N3 Metro travel time 80.06 23.87 38.16 14.10
Ny Metro station type 1 0 0.1596 0.3671
P Floor area ratio 4.37 0.01 1.09 0.83
P, Population density 93,100 300 16,153.52 18,478.29
P3 Commercial density 3624.45 1.99 658.92 642.19
P4 Enterprise density 347 0 83.35 70.84
P5 Land functional mixture 0.9445 0.8335 0.9130 0.0194
P¢ Land use three-dimensional mixture 1.8130 0.0000 0.9525 0.3600
P Number of road intersections 154.00 5.00 25.29 17.47
Pg Area of public open space 1,946,386 0 133,840.86 260,542.56
L1 Number of bus lines 134 1 32.93 25.72
L, Pedestrian shed ratios of metro station area 0.9945 0.1929 0.5479 0.1586
Node |——

N;: Distance to city center

N,: Economic Location

N;: Metro travel time

N,4: Metro station type

Interaction Interaction
effect effect

/—( Place

P,: Floor area ratio

P,: Population density ;
P;: Commercial density ;
P4: Enterprise density

P5: Land functional mixture

Ps: Land use three-dimensional
mixture

P,: Number of road intersections

Pg: Area of public open space )

Interaction effect

Linkage |
L;: Number of bus lines

L,: Pedestrian shed ratios of
metro station area

o Metro station and Metro line

i Metro TOD station catchment
i (800m Thiessen-Polygon buffers)

Figure 2. Built environment factors influencing metro ridership.

(1) Factor detector (reflecting individual effect of factors)

The factor detector is mainly used to detect the spatial heterogeneity of the dependent
variable Y and to detect the extent to which an influence factor X can explain the spatial
heterogeneity of the dependent variable Y, which is expressed as a g-value. The range of the
g-value is [0, 1], and the higher the g-value is, the greater the contribution of this influence
factor to the dependent variable is. In an extreme case, a g-value of 1 indicates that factor X
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completely controls the spatial distribution of Y, while a g-value of 0 indicates that factor X
has no relationship with Y. The formula for calculating the statistic g-value is as follows:

Yh_i Nyo? ) SSW

1=1-=Nez 1757 )
L
SSW = Y_ Nyoj, )
h=1
SST = No? (3)

In Equations (1)-(3), N refers to a study area that consists of N units, which is stratified
intoh=1,2,...,Lstratum, i.e., classification or partition; stratum N consists of Nj, units;
o7 and 0% denote the variance of the sub-areas (stratums) and the whole area, respectively;
SSW and SST denote the values within the sum of squares and the total sum of squares,
respectively. In this study, the independent variables (built environment factors) include
the type of variables and the continuous variables, and it is necessary to discretize the
continuous variables into the type of variables and then perform GeoDetector model opera-
tions [40]. The discretization method of continuous variables is an important factor that
affects the results of the model operations, and different spatial arrangements of indepen-
dent variables produce different analytical results [78]. Therefore, we compared different
discretization methods and selected the best combination of discretization methods and
interruption values for each geographically continuous variable as the optimal discretiza-
tion parameters [39,70,79]. Under these parameters, the best combination generates the
maximum g-value, indicating the highest degree of explanation of the variables from the
perspective of spatially stratified heterogeneity. The discretization methods include three
commonly used methods: the natural break method, the equal interval method [80], and
the quantile method [81].

(2) Interaction detector (reflecting the interactive effect of factors)

We identified the interaction between the different risk factors A and B, i.e., we
assessed whether the factors A and B together increase or decrease the explanatory power
of the dependent variable Y or whether the effects of these factors on Y are independent
of each other. The assessment was carried out by first calculating the g-value of the two
factors, A and B, for the dependent variable Y separately, q(A) and q(B), respectively, and
by calculating the g-value when they interacted (the new polygon distribution formed by
the intersection of the two layers of the superimposed variables A and B): q(A N B). Then,
q(A), q(B), and q(A N B) were compared.

The interaction detector was used to determine whether the combined contribution of
the two enhances or weakens each other by comparing the two individual influence factors
and their independent contributions. Finally, the model classifies the interactions between
the two factors into five types, as shown in Equation (4).

Enhance, nonlinear: q(A N B) > (q(A) + q(B))

Enhance, bi-: Max (q(A), q(B)) < q(A N B) < (q(A) + q(B))

Independent: q(A N B) = (q(A) + q(B)) 4)
Weaken, uni-: Min (q(A), q(B)) < q(A N B) < Max (q(A), q(B))

Weaken, nonlinear: q(A N B) < Min (q(A), q(B))

3.6. The Differentiation Characteristics of the Influence Degree of Metro Ridership in a Local Area

Spatial autocorrelation refers to the interdependence of spatial element attributes
on the spatial location. As it is a method that is used to measure spatial agglomeration,
spatial autocorrelation analysis can measure whether the attribute values of an area are
correlated with the neighboring areas and reveal the spatial agglomeration effect and
divergence characteristics between multiple variables. According to the size of the spatial
scope, autocorrelation can be divided into global spatial autocorrelation and local spatial
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autocorrelation. Global spatial autocorrelation is a description of the spatial characteristics
of the attribute values of the whole region, and it is used to measure the degree of spatial
correlation of the whole region, while local spatial autocorrelation reveals whether there
is spatial similarity or heterogeneity between the attribute feature values of a spatial unit
and its neighboring units. Therefore, the possible spatial correlation patterns at different
spatial locations can be identified, so that the local unsteadiness of spatial correlation can be
discovered, and the aggregation and divergence characteristics of local spatial elements can
be more accurately grasped to provide a basis for classification and decision making [82,83].

In order to portray the spatial correlation between multiple variables, bivariate spatial
autocorrelation analysis provides a feasible method for revealing the correlation of spatial
distribution of different elements [84,85]. Bivariate spatial autocorrelation analysis includes
bivariate global spatial autocorrelation (see Equation (5)) and bivariate local spatial au-
tocorrelation, and it is usually measured by Moran’s I index. The bivariate local spatial
autocorrelation formula is shown in Equation (6).

n iy Ui Wi (X = X) - (X - X)
Y (Xi - X) i1 Liei Wi

®)

Moran' Iyjppar =

XX, & Xl - X n
/ _ 2h h k k) _
Moran IIocal(h,k) - 7 ']; Wij( o > ; ij Zk (6)

In Equation (6), Moran’s Liocai(n k) is the bivariate local spatial autocorrelation index,

X,i and Xi are the i-value of attribute h and j-value of attribute k of the geographic unit,
respectively, X, and Xj are the mean values of attributes  and k, respectively, 03, and o, are

the standard deviations of attributes h and k, respectively, z}, and z{( denote the normalized
variables with respect to the mean and standard deviation, respectively, and Wj; is the
spatial weight matrix. Moran’s I range is [—1, 1], and the values of Moran’s I <0, Moran’s I >
0 and Moran’s I = 0 indicate negative spatial autocorrelation, positive spatial autocorrelation,
and no spatial autocorrelation, respectively. The larger the absolute value of Moran’s I is,
the stronger the degree of spatial autocorrelation is.

The results of bivariate local spatial autocorrelation can be classified into four types
of spatial clustering using bivariate LISA clustering diagrams for the spatial association
between the independent variables and the dependent variable: the high-high (H-H),
high-low (H-L), low-high (L-H) and low-low (L-L) types. Among these, the H-H and L-L
types indicate a positive spatial correlation between spatial element i and spatial element j,
while the higH-Low (H-L) and low-high (L-H) types indicate a negative correlation, and
the four types have significant spatial differentiation.

In this study, GeoDetector was used to detect the spatial heterogeneity of the de-
pendent variables and the extent to which a built environment factor could explain the
spatial heterogeneity of metro station ridership to determine the influence of a built envi-
ronment factor on such ridership. The local spatial autocorrelation analysis can provide an
explanation for the variation of the spatial variance in the local space. Using the spatial
differentiation of spatial correlation between the built environment factors and the metro
station ridership in local spaces, we found that the instability of spatial correlation between
the built environment factors and metro station ridership generates corresponding mutual
promotion or suppression effects, which equally affect the influence of built environment
factors on metro station ridership in local spaces, generating instability as a result. This
study hopes that the results of this spatial instability can provide references for TOD policy
makers to formulate different public policies.
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4. Results
4.1. Spatial Distribution of Metro Ridership

The spatial distribution of ridership in the TOD station area shows a core—peripheral
structural feature and spatial heterogeneity, both on weekdays and at weekends (Figure 3).
The high value of ridership is distributed in the city center, CBD, and external transporta-
tion hubs, and value of ridership gradually decreases as the distance between the TOD
station area and the city center increases. At the same time, this finding also shows that
adjacent stations have a similar ridership value, i.e., spatial autocorrelation may affect
station ridership (as shown in Table 3). In other words, metro ridership is determined by
interactions with other stations that are within spatial proximity. However, when we were
comparing the “core area” of the metro used on weekdays and at weekends, it became
clear that the weekday ridership value in the core area is significantly greater than that of
weekends, which may be related to the activity radius of people’s weekday commuting
and weekend leisure travel. Therefore, we can speculate that the construction of TOD
metro stations has led to the multipolar development of Guangzhou, forming several urban
businesses and residential clusters, but leisure and entertainment spaces may still have a
monocentric cluster distribution phenomenon in the city.

S

Weekday
Metro Ridership
B <20.000
20,001 - 50,000
50,001 - 70,000
___ 70,001 - 100,000

B > 100,000

@ Weekday Ridership

AP ‘.( '
fﬂ ‘ .ilr

-—AA‘—

=

Metro Ridership R
B <20.000
20,001 - 50,000
50,001 - 70,000
| 70,001 - 100,000

s il | N > 700,000

0 5 10 km
]

Figure 3. Spatial distribution of ridership at TOD stations on weekdays and at weekends.

Table 3. Results of Spatial Autocorrelation Analysis of Ridership at Metro TOD Stations.

Metro Ridership Type Global Moran’s I p-Value

Weekday ridership 0.4658 0.0000
Weekend ridership 0.1779 0.0005
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4.2. Individual Effects of Built Environment on Ridership at Metro Stations
4.2.1. Individual Effects on Weekday Ridership

The individual effects of 14 selected built environment factors for the TOD station
areas on metro station ridership were analyzed using the GeoDetector factor detector, and
we found similar results in relation to those of other TOD ridership studies [29,61]. There
was a significant contribution of all the built environment factors to the total weekday
ridership at p-values that were less than 0.00 (Table 4). We found that P, (population
density; g-value = 0.4940) was the most influential factor. In addition, N; (distance to city
center), N, (economic location), N3 (metro travel time), P; (floor area ratio), P3 (commercial
density), and L; (number of bus lines) had an above average influence (g-value = 0.3590).
This indicates that the main influencing factors on weekday metro ridership are land use
density and the distance-related factors.

Table 4. Individual effects of built environment factors (weekday ridership).

Weekday Ridership
. . Sub-
Dimension . . Code Factor Name i izati
Dimension q-Value p-Value Rank Dlscretlz.a tion
Quantity
N; Distance to city center 0.4022 0.0000 7 3
Nod Station N» Economic location 0.4665 0.0000 2 3
ode Characteristic N3 Metro travel time 04095  0.0000 6 3
Ny Metro station type 0.2174 0.0000 12 2
P Floor area ratio 0.4628 0.0000 3 6
Densit Py Population density 0.4940 0.0000 1 13
Y P, Commercial density 04563  0.0000 4 3
Pl Py Enterprise density 0.3447 0.0000 9 4
ace Diversit Ps Land functional mixture 0.1715 0.0000 13 2
y Py Land use three-dimensional mixture 0.1589 0.0000 14 3
Desien Py Number of road intersections 0.3401 0.0000 10 4
& Pg Area of public open space 0.2927 0.0000 11 7
letanc?t to L Number of bus lines 04516 00000 5 5
Linkage Destinati Pedestrian shed ratios of
estination edestrian shed ratios o
accessibility L metro station area 0.3576 0.0000 8 6

As shown in Table 4, from the 5D principle of TOD and site characteristics, the factors
with significant effects are mainly the station characteristic, and the density and distance to
transit sub-dimensions, which also help us to further explain the influence mechanism of
the individual effects.

The density sub-dimension of the place dimension is the most influential category
of factors, including population density, the floor area ratio, and the commercial density
factors. According to the theory of the GeoDetector model, the population density factor
explains about 49% of the weekday metro ridership distribution. For the areas of the
city with a higher population density distribution, more people will use the metro for
daily commuting on weekdays. In addition, a higher floor area ratio, commercial density,
or enterprise density will each have a stronger influence on weekday metro ridership.
Therefore, a higher density TOD station area can provide more offices and residential
spaces and accommodate more jobs, which is conducive to more people using the metro
for commuting instead of driving cars.

The station characteristic sub-dimension of the node dimension has a significant
impact on weekday metro ridership. The economic location area (N3) of the metro TOD
station reflects the comprehensive land prices and local socio-economic development of
the region, where the metro ridership explanation level for this factor is at around 47%. In
addition, the distance from the metro TOD station area to the city center and the average
travel time using the metro network are also important explanatory factors. Therefore,
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improving the comprehensive location level of the TOD station area is crucial to attract
weekday ridership.

The distance from the transit sub-dimension to the linkage dimension is also an
important factor affecting weekday metro ridership. It is mainly expressed as the number
of bus routes (L) that can be interchanged within an 800 m radius of the metro TOD
station area, reflecting the ease of interchange between the metro and the buses. For the
commuters, if the convenience of metro-bus interchange is high, it can improve their travel
accessibility, shorten the commuting time, and reduce the travel costs. Therefore, improving
the metro-bus interchange is important to enhance metro commuter ridership.

4.2.2. Individual Effects on Weekend Ridership

From the results of the factor detector, we found that there is a significant difference
in the mechanism of influence of weekend metro ridership compared to weekday metro
ridership. At p-values of less than 0.01, all the built environment factors significantly
contribute to the total weekday ridership (Table 5). We found that N, (economic location;
g-value = 0.3535) and Pg (public open space area; g-value = 0.3518) were the two factors
with the strongest influence, indicating that weekend trip ridership was directed to two
types of geographic areas: the downtown area and the recreation area, respectively. The
factors with a higher than average level of influence (q-value = 0.2420) are N; (distance to
city center), P (population density), P3 (commercial density), L (number of bus lines), and
L, (pedestrian shed ratios of metro station area). This indicates that the land use density,
the transit system’s ability to collect and disperse, and the pedestrian environment factors
have important impacts on weekend metro ridership.

Table 5. Individual impact effects of built environment factors (weekend ridership).

Weekend Ridership
Dimension ) Sub-‘ Code Factor Name Discretization
Dimension g-Value p-Value Rank Quantity
Ny Distance to city center 0.2993 0.0000 5 8
Nod Station N» Economic location 0.3535 0.0000 1 5
oce Characteristic N3 Metro travel time 0.1659 0.0000 12 2
Ny Metro station type 0.1962 0.0000 10 2
Py Floor area ratio 0.2116 0.0000 8 3
Densit P, Population density 0.2811 0.0000 6 6
Y P3 Commercial density 0.3422 0.0000 3 4
Pl Py Enterprise density 0.1378 0.0002 13 2
ace Diversit Ps Land functional mixture 0.2042 0.0000 9 4
y Pg Land use three-dimensional mixture 0.0588 0.0017 14 2
Desien Py Number of road intersections 0.1842 0.0000 11 2
& Pg Area of public open space 0.3518 0.0000 2 9
Distance to L Number of bus lines 03360 00000 4 8
Linkage transit . .
Destlr}a’gf)n L Pedestrian shgd ratios of metro 0.2651 0.0000 - 5
accessibility station area

As shown in Table 5, from the 5D principle of TOD and the station characteristics,
the factors with significant effects are mainly the station characteristics, density, design,
distance to transit, and destination accessibility sub-dimensions, which also help us to
further explain the influence mechanism of individual effects.

The station characteristics of the node dimension reflect the locational advantage of
the metro TOD station area, and they are the most influential category of factors, including
the metro travel time and distance to the city center factors. The economic location (Njy)
factor explains about 35% of the weekend metro ridership distribution. This indicates that
people tend to visit the urban highland area, which is the main urban area, for leisure



ISPRS Int. ]. Geo-Inf. 2022, 11, 623

15 of 25

travel on the weekends. The main urban area attracts more people because it comprises
many shops and entertainment venues and has a good public service distribution. This
also validates our analysis that the distance to the city center (N1) can explain about 30% of
the weekend metro ridership. Therefore, for people’s weekend leisure travel activities, the
agglomeration of urban commercial activities and public services and the cost of traveling
to the city center are both important influencing factors.

The density and the design sub-dimension of the place dimension reflects the place
where people prefer to travel for weekend activities. The area of public open space (Pg)
also accounts for about 35% of the weekend metro ridership distribution, while commercial
density (P3) and population density (P,) account for 34% and 28% of it, respectively. These
results reflect that people tend to go to areas with more urban squares, green parks, stadi-
ums, and commercial entertainment spaces, while they travel to more densely populated
areas for leisure and recreational activities during the weekends. Guangzhou is a city that
relies on commercial activities, such as the Beijing Road and Tianhe City business districts.
The pedestrianized Beijing Road is home to many commercial businesses and historical
and cultural attractions, thus attracting many people to shop and carry out recreational
activities here at weekends, while the Tianhe City business district has more than five large
commercial complexes, connecting the Tianhe Sports Center in the north and Huacheng
Square in the south through a three-dimensional space. Therefore, it is important to build
public open spaces and commercial entertainment spaces in densely populated areas to
enhance the weekend metro ridership.

The distance to transit and destination accessibility in the sub-dimension of the linkage
dimension reflect the convenience of pedestrian connections in the TOD station area, and
both the number of bus lines (L) and the pedestrian shed ratios of the metro station area
(L) are the main factors affecting weekend metro ridership. Both the ease of transferring
between the metro and buses and the pedestrian connectivity of the TOD stations reflect the
same influencing factor, i.e., improving the pedestrian friendliness of metro TOD stations
so that people can access more urban facilities is important for encouraging people to travel
for leisure on weekends. Therefore, improving weekend metro ridership requires not only
focusing on the creation of spaces, but also improving the connectivity of the pedestrian
environment in the TOD station areas.

Regarding the dependent variable’s influence mechanism, a large number of studies
currently focus only on the individual influence of each factor with various linear regression
models, which is not conducive to studying the joint driving effect of multiple factors.
However, the influence mechanisms on the spatial distribution of geographic phenomena
are complex, especially those with spatial heterogeneity in space. In this section, we discuss
the results of the individual effects of the built environment factors on metro ridership, and
the interactive effects of multiple factors are presented in the next section.

4.3. Interactive Effects of Factor Combinations on Metro Ridership
4.3.1. Interactive Effects on Weekday Ridership

The two-factor interactive effect has a strong influence on metro ridership. As shown in
Figure 4 and Table 6, 91 pairs of independent interaction combinations can be interactively
formed by 14 factors, and we found that the g-values of this interactive effect are all higher
than the maximum value of original individual effects is, and they pass the significance test
with p-values that are less than 0.01. The interactive effect of population density (P;) and
the area of public open space (Pg) factors have the strongest influence on weekday metro
ridership, with an interactive effect g-value of 0.7243, which is followed by population
density (P;) and the number of bus lines (Pg) (g-value = 0.7233), the floor area ratio (P1) and
population density (P,) (q-value = 0.7123). In addition, there are 21 pairs with interactive
effects that are above 0.60, indicating that more than 60% of the weekday metro ridership
can be explained by the above combinations. From the results of the interactive effects,
the top 10 interaction combinations are all two-factor enhancement effects (as shown in
Table 5), i.e., by simultaneously improving a set of built environment factors, the effect of
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improving weekday ridership is greater than the effect of improving any other factor. The
factor interactive effect results are more helpful to policy makers in improving weekday
metro ridership than the effect of an individual factor would be, with a maximum impact

of 49%.

q(ANB) | Ni N: N3 Ni P P, P3 Py Ps Ps P7 Ps L L.
N1
N: 0.5038
Ns 0.4541 0.5056
Ni 05225 0.5790 0.5189
P: 05342 05544 0.5270 0.6247
| ) 0.6516 0.6797 0.6220 0.6693 0.7123
P; 05284 05791 0.5695 0.5723 0.5737 0.6794
P 0.4860 0.5302 0.5050 0.5430 0.5380  0.6620 0.4932
Ps 0.4239 04783 04366 0.3593 0.4913 0.5209 04598 0.3778
Pe 04312 05196 0.4459 0.3341 0.5590 0.6423 05159 0.4257 | 0.2600
P; 04974 05697 0.5278 04818 0.5683 [ 0.7085 0.5161 0.5229 0.3967 0.4456
Ps 0.6013 0.5938 0.5723 0.4426 0.6401 [ 0.7243 0.6555 0.5473 0.4654 0.4243 0.5583
Li 0.5405 0.5886 0.5787 0.5812 0.6264 |0.7233 0.5519 0.5640 04599 0.4733 0.6161 0.6478
L. 04627 05243 04850 0.5141 0.5316 [0.6937 0.5256 0.4853 0.3897 0.4438 04864 0.6039 0.6086
Figure 4. The interactive effect of built environment factors on weekday metro ridership.
Table 6. Interactive effects of built environment factors (weekday ridership).
Interaction q(A N B) q(A) + q(B) Description Interaction Result Rank
Max (q(A), q(B)) < q(A N B) .
P, NP 0.7243 0.7867 Enhance_bi- 1
20 <q(A) + q(B) -
Max (q(A), q(B)) < q(A N B) .
P,NL 0.7233 0.9456 Enhance_bi- 2
2 <q(A) + q(B) -
Max (q(A), q(B)) < q(A N B) .
PiNP 0.7123 0.9569 Enhance_bi- 3
b <q(A) + q(B) -
Max (q(A), q(B)) < q(A N B) .
P,NP 0.7085 0.8341 Enhance_bi- 4
S <q(A) + q(B) -
Max (q(A), q(B)) < q(A N B) .
P,NL 0.6937 0.8516 Enhance_bi- 5
2 <q(A) +q(B) -
Max (q(A), q(B)) < q(A N B) .
N NP 0.6797 0.9605 Enhance_bi- 6
2 <q(A) + q(B) -
Max (q(A), q(B)) < q(A N B) .
P,NP 0.6794 0.9503 Enhance_bi- 7
2 <q(A) + q(B) -
Max (q(A), q(B)) < q(A N B) .
Ny NP 0.6693 0.7115 Enhance_bi- 8
v <q(A) +q(B) -
Max (q(A), q(B)) < q(A N B) .
P,NP 0.6620 0.8387 Enhance_bi- 9
S <q(A) +q(B) -
Max (q(A), q(B)) < q(A N B) .
P3NP 0.6555 0.7489 Enhance_bi- 10
0 <q(A) +q(B) 5

Combining the individual and interactive effects reveals that population density is
the core factor influencing the spatial distribution of weekday metro ridership, with nine
of the top ten combinations of individual effects containing the population density factor.
Among them, the interactive effect of population density (P,) and the number of bus lines
(Pg) indicates that the metro TOD station areas with a high population density and areas
with more public open spaces within the station area tend to attract more work commuters
during weekdays.

In addition, we also noted that the combination of the two factors with the highest
individual effects (economic location and population density) does not have the highest
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interactive effect (q(Np N Py) = 0.6797; it ranked sixth). In contrast, the combination of
individual effects that ranked 1st and 11th produced a highest interactive effect (q(P, N Psg)
= 0.7243). This suggests that the interaction between the two factors is complex, and the
interactive combination does not directly produce the total individual effects of both of
them (q(N2) + q(P2) = 0.9605) due to the different mechanisms of mutual reinforcement of
the factor combinations. Therefore, policy makers can develop reasonable measures for
increasing weekday metro commuter ridership based on the results of the two effects.

4.3.2. Interactive Effects on Weekend Ridership

The results of the interactive effects of the constructed environment factors are shown
in Figure 5 and Table 7. Through the interactive effects of the determinants, we found
that the g-values of the interactive effects are all higher than the maximum value of the
original individual effects is, and they pass the significance test with p-values that are less
than 0.01. Among these g-values, the interactive effect of population density (P;) and the
number of bus lines (L) has the strongest influence on weekend metro ridership with an
interactive g-value of 0.7662, which is followed by the distance to the city center (N7), and
an area of public open space (Pg) (g-value = 0.7568), population density (P;), and an area of
public open space (Pg) (q-value = 0.7487). Regarding the top 20 combinations of interactive
effects, their influence is above 0.60, indicating that more than 60% of the weekend metro
ridership can be explained by the above interaction combinations. Regarding the results of
the interactive effects, the top 10 interaction combinations are all dominated by non-linear
enhancement effects (e.g., Table 7), suggesting that by simultaneously improving a set of
built environment factors, the improvement in weekend ridership is greater than the total
individual effects of improving any other single factor. The results are very helpful for
policy makers who are aiming to improve metro ridership.

Table 7. Interactive effects of built environment factors (weekend ridership).

Interaction q(A N B) q(A) + q(B) Description Interaction Result Rank
P, NLy 0.7662 0.6171 q(A N B) > q(A) + q(B) Enhance_nonlinear 1
N; N Pg 0.7568 0.6511 q(A N B)>q(A) + q(B) Enhance_nonlinear 2
P, N Pg 0.7487 0.6329 q(A N B)>q(A) + q(B) Enhance_nonlinear 3
N, NPy 0.7475 0.6345 q(A N B) > q(A) + q(B) Enhance_nonlinear 4
Ny N Pg 0.7314 0.7052 q(A N B)>q(A) + q(B) Enhance_nonlinear 5
N4 NN 0.7071 0.5497 q(A N B)>q(A) + q(B) Enhance_nonlinear 6
L1 NPg 0.6980 0.6878 q(A N B) > q(A) + q(B) Enhance_nonlinear 7
N; NP, 0.6919 0.5804 q(A N B)>q(A) + q(B) Enhance_nonlinear 8
N; NLy 0.6811 0.6353 q(A N B)>q(A) + q(B) Enhance_nonlinear 9
PgNL, 0.6742 0.6169 q(A N B) > q(A) + q(B) Enhance_nonlinear 10

In terms of the individual and interactive effects, population density, public open
space areas, economic location, the number of bus lines, and the distance to the city center
are the main factors affecting the spatial distribution of weekend metro ridership. Among
these factors, the interactive effect of population density (P;) and number of bus lines (L)
indicate that a high population density in the metro TOD station area and the availability
of more bus transfers within the station area tend to attract more leisure travelers on
weekends.

In addition, we also note that the multiplier effect of the factor interactive effect has
a higher degree of metro ridership on weekends compared to weekdays. On the other
hand, the multiplier effect of the factor interaction is not generated in the combination of
the two factors with the strongest individual effects, which have the same characteristics
as the interaction results for weekday ridership. The combination of the two factors with
the highest individual effects (economic location and public open space) did not have the
highest interactive effect (q(IN, N Pg) = 0.7314; it ranked fifth). In contrast, the combination
of individual effects that were ranked fourth and sixth produced the highest interactive
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effect (q(P2 N L) = 0.7662; it ranked first). This suggests that there are interactions between
the factors with different forces of action, resulting in different synergistic effects. This
important for policy makers, and practitioners can also make urban planning decisions
based on the different effect results and synergistic effects.

4.4. Local Spatial Differentiation Characteristics Analysis of the Influence Degree of Metro Station
Ridership

4.4.1. Local Spatial Differentiation Characteristics on Weekday Ridership

The local spatial autocorrelation results can visually present the specific spatial location
and the extent of the clustering area of the spatial variables, which explains the spatial
divergence characteristics of the local area. The three factors with the strongest individual
effects of g-values in the GeoDetector were used as independent variables, metro ridership
was used as the dependent variable, and the bivariate local Moran’s index values between
these variables and their significance were separately calculated using the Geoda software
to explore the spatial correlation characteristics of the two elements in order to reveal the
local spatial differentiation characteristics of the influence of metro ridership.

Based on passing the z-score test (p-value < 0.05), we plotted the bivariate local spatial
autocorrelation cluster areas of the built environment factors, such as population density
(P7), economic location (N3), and volume ratio (P1), respectively, with weekday metro
ridership (Y1) (as in Figure 6). The results show that the H-H cluster areas are mainly
located in the city center and urbanized areas, such as Tianhe District, Yuexiu District,
and Haizhu District. The L-L cluster areas are concentrated in the urban fringe, such as
Huadu District, Conghua District, Zengcheng District, and Nansha District, while the H-L
and L-H cluster areas are less distributed. The non-significant areas are mainly located in
the urbanized area and urban fringe area, i.e., the circle layer between the H-H and L-L
cluster areas. From the results, the above built environment factors strongly promote metro
ridership in the H-H and L-L cluster areas, while they have a strongly inhibit ridership in
H-L and L-H cluster areas, and there is a random distribution of promoting and inhibiting
effects in the non-significant areas.

q(ANB) N1 N2 N3 Ny Py P P Py Ps Ps P7 Ps L1 Lz
Ni

N2 0.6009

N3 0.3456 0.4180

Na 0.6271 0.7071 0.3194

P: 0.5111 04344 0.2881 0.3545

P2 0.6919 | 0.7475 0.3943 0.5522 0.5053

P; 0.5427 0.5487 04167 05947 0.3616 0.6381

Py 0.5709 04651 0.2675 04621 0.3149 0.5539 0.3893

Ps 04414 0.5284 03643 0.3515 0.3480 04625 0.3883 0.2925

Ps 04611 0.5416 ' 0.2310 0.2423  0.2484 04558 0.3892  0.2418 0.2573

P; 04308 0.4283 0.2722 0.3727 0.2699 0.5094 0.3884 0.3038 0.3542  0.2264

Ps 0.7568 0.7314 04315 0.6066 0.5826 0.7487 0.6706 0.5435 0.6189 0.4408 0.4822

L 0.6811 | 0.6735 0.4592 0.6491 04676 07662 0.5795 0.4073 05105 0.3535 04114 0.6980

Lx 0.5723 0.6226 0.3581 0.5106 0.3552 0.5916 0.5246 0.4939 04639 0.3350 0.3268 0.6742 0.6620

Figure 5. Interactive effects of built environment factors on weekend metro ridership.
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Figure 6. LISA clustering distribution of bivariate local spatial autocorrelation (on weekdays).

4.4.2. Local Spatial Differentiation Characteristics on Weekend Ridership

By comparing the weekday and weekend cases, the local spatial autocorrelation results
have similar spatial heterogeneity characteristics, which are useful for summarizing the
spatial differentiation characteristics in the local spaces. Based on passing the z-score
test (p-value < 0.05), we plotted the bivariate local spatial autocorrelation clusters of the
economic location (Ny), the area of public open spaces (Pg), and the commercial density
(P3), which are the top three factors of weekend metro ridership (Y3) (as shown in Figure 7)
in terms of their g-value influence on the factor detector results, respectively. Among these
factors, the H-H cluster areas are mainly located in the city center areas such as Tianhe
District and Yuexiu District; the L-L cluster areas are concentrated in the urban fringe areas,
such as Huadu District, Conghua District, Zengcheng District, and Nansha District; the
H-L and L-H cluster areas are less distributed; the L-H areas are sporadically distributed
in the middle of Yuexiu District, Tianhe District, and Panyu District. The L-H cluster areas
are sporadically distributed in urbanized areas, such as Yuexiu District, Tianhe District,
and Panyu District, while the H-L cluster areas are mainly distributed in the rural fringe
areas, such as Huangpu District, Huadu District, and Nansha District. From the results,
the above built environment factors strongly promote metro ridership in the H-H and
L-L cluster areas, while they strongly inhibit ridership in the sporadically distributed H-L
and L-H cluster areas, and there is a random distribution of promoting and inhibiting
effects in the non-significant areas. Compared with the facilitation and inhibition effects on
weekday ridership, the cluster areas with a strong facilitation effect are more concentratedly
distributed at the weekends.
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5. Discussion

In terms of the individual effects, the factor detector results of the GeoDetector model
show that built environment factors such as density and the location of the metro station
area are key influencing factors on weekday metro TOD ridership, while location, design,
and density are key influencing factors on weekend ridership, reflecting the difference
in people’s travel demands between weekdays and weekends. This result is roughly the
same as previous studies, such as Pan and Li’s study [29,56], except this study also agrees
with the idea that improving the convenience of metro-bus interchanges can improve
metro ridership to a greater extent [18,33,57]. However, the results of the study also
show some differences. Firstly, whether a metro TOD station is an interchange station
or intermediate station is a weak factor influencing this study, and it not a key influence
factor in metro ridership [17,20,29]. Secondly, the number of road intersections, which is
usually considered a key influencing factor for metro ridership [37,61], is not a significant
contributor in our study for weekdays or weekends. Lastly, the land functional mixture
and the land use three-dimensional mixture are supposedly beneficial in promoting people
to use the metro [7,12], but the factor influence level of both of them is relatively weak in
our study, which may be related to the common mixed use of land use in East Asian cities.

The contributions of this study can be summarized as follows. Overall, in this study,
we used the node—place-linkage model to construct a factor analysis framework, and we
selected 14 built environment factors from the “5D” principle of TOD and its site attribute
characteristics to analyze the spatial distribution of weekday and weekend ridership. From
the structural system of TOD, we explained the influence mechanism from the perspective
of each built environment factor and structural factor of TOD. Furthermore, we analyzed
the individual and interactive effects of the built environment factors using the GeoDetector
model and the mechanism of the factor combination effects on metro ridership. The results
show that the two-factor interactive effect has a stronger influence on metro ridership,
which has a further explanatory effect on revealing the influence mechanism of metro
ridership. A few articles have been published that study the impact of the interaction
effect of influence factors on metro ridership. Finally, we used a bivariate local spatial
autocorrelation analysis to explore the spatial differentiation of the influence degree of
the individual effects on metro ridership and the results show that the influence degree of
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individual effects on metro ridership is spatially differentiated in the local space, showing
mutual promotion and suppression effects, which has significant implications for policy
making in TOD.

Despite the strengths of this study, is also has some shortcomings that we hope
will be addressed in future research. Spatial and temporal variations and demographic
attributes are important factors influencing whether people use public transportation
to travel, and this study used rail swipe card data to analyze this driving mechanism.
However, daily swipe card data cannot directly affect spatio-temporal ridership, nor can
they reflect relevant information such as the demographic attributes. Future research and
validation can be conducted by further applying spatio-temporal travel pattern mining
methods [86] and combining social media location data [87] and cell phone signal data [88].
In addition, the measurement of the spatial heterogeneity of the built environment factors
on the influence of metro station ridership can be quantitatively analyzed in the future, and
local spatial regression models such as GWR [89] and GTWR [38] can be used to further
quantify the strength of the influence mechanism of metro station ridership, as well as
the measure of spatial heterogeneity and spatio-temporal heterogeneity of the influence
mechanism.

6. Conclusions and Policy Implications

Based on the node—place-linkage model, this study constructed a framework for
analyzing the ridership of metro TOD stations, identified 14 built environment factors, and
used multi-source data to measure the factor indicators of each metro TOD station area. The
GeoDetector model was used to analyze the driving mechanism of the spatial distribution
of ridership on weekdays and weekends in Guangzhou Metro from the perspective of the
individual and interactive effects of the built environment factors. The main findings are as
follows:

1. The spatial distribution of ridership in the TOD station area of the metro shows a
core—peripheral structure and spatial heterogeneity in the spatial distribution of ridership
on both weekdays and weekends. For Guangzhou, a city with a monocentric spatial
structure, the TOD construction of the metro has changed the population from being
centralized to having a more spatially balanced distribution, which can be verified by the
spatial distribution of ridership on the weekdays. Therefore, guiding the development of
the cities into a polycentric structure through metro TOD construction in order to avoid the
disadvantages caused by the over-concentration of urban elements is an important research
topic in urban planning.

2. According to the results of the GeoDetector (factor detector) model, the individual
effect of each factor can explain up to 49% and 35% of the ridership distribution on the
weekdays and weekends, respectively. The individual effects show different influence
characteristics in the two cases. The main drivers of the weekday metro ridership are the
population density, economic location, volume ratio, commercial density, and the number
of bus lines, while the main drivers of weekend ridership are the economic location, public
open space area, commercial density, the number of bus lines, and the distance to the city
center.

3. Additionally, the GeoDetector (interaction detector) model results show that the
two-factor interactive effect has a strong influence on metro ridership. The interactive effect
explains up to 72% and 77% of ridership distribution on the weekdays and weekends,
respectively. For weekday ridership, the interactive effect is significant when population
density interacts with public open spaces or when population density interacts with the
number of bus routes, and there is a two-factor-enhanced incremental effect. For the
weekend case, when population density interacts with the number of bus lines or the
distance to the city center interacts with the area of public open space, the interactive effect
is significant, and the multiplier effect is non-linearly enhanced. The synergistic effect of
the two-factor combination is more significant for weekend ridership.
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4. The local spatial heterogeneity of the influence degree of the built environment
factors on metro station ridership was measured using a bivariate local spatial autocorre-
lation method. From the results, the influence factors form H-H cluster areas in the city
center areas, L-L cluster areas in the urban fringe areas, and the H-L and L-H cluster areas
are sporadically distributed in the urbanized areas and urban fringe areas. Among them,
the built environment factors have a strong promoting effect on the metro ridership in the
H-H and L-L cluster areas, while they have a strong inhibiting effect in the sporadically
distributed H-L and L-H cluster areas. In terms of the heterogeneity of spatial interactions,
this finding could provide a good indication of how to increase metro ridership in urban-
ized areas and urban fringe areas and how to avoid overstressing metro ridership in the
central city areas. This will mitigate the loss of metro ridership, establishing differentiated
TOD policies.

It is worth noting that the results of this study could guide urban planners and policy
makers. One of the most significant ways to guide cities toward a polycentric structure
is the compact development of TOD station areas in the peripheral areas of the cities.
We conclude that the factorial interactive effects obtained using the GeoDetector model
are more conducive to increasing metro ridership, and such findings can be applied for
urban renewal and the development of new districts. This can be achieved by increasing
the population density of new urban areas, while improving the allocation of bus routes
within the TOD station area, or increasing the population density, while building more
public open space within the TOD station area. These methods may be very effective in
promoting the development of a polycentric urban structure. Secondly, it is very important
for the city managers to improve metro ridership in built-up areas and encourage people
to use rail transit and other public transport in the city. Therefore, the GeoDetector model
results can be combined to explore the metro TOD station areas with a higher potential
for improvement by different impact factors and to develop corresponding urban renewal
policies. From the results of the spatial correlation between the variables in the local
spaces, the metro station areas that are subject to the spatial promotion effect are important
for improving metro station ridership. For the metro station areas with an inhibiting
effect, the loss of metro ridership should be avoided. Finally, for future metro lines, urban
planning departments must take into account which built environment characteristics are
more suitable for laying out metro lines to improve their efficiency as much as possible,
in addition to considering the equity and justice for traveling throughout the city. The
findings of this study can provide the necessary references for the this planning.
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