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Exploring the spatially and temporally varying impacts of 
built environment factors on rail transit ridership
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Abstract：This study examined the influence of the built en‑
vironment surrounding rail stations on rail transit ridership 
and its spatiotemporal variations， aiming to enhance rail 
transit operational efficiency and inform station planning 
and development.  Data from 159 metro stations in Nanjing， 
collected over a 14‑d period， were analyzed to identify 
changes in weekday and weekend ridership patterns.  The 
analysis included explanatory variables grouped into three 
categories： urban spatial variables， socioeconomic vari‑
ables， and transit service variables.  A geographically and 
temporally weighted regression （GTWR） model was devel‑
oped， and its performance was compared with that of ordi‑
nary least squares （OLS） and geographically weighted re‑
gression （GWR） models.  The results demonstrated that the 
GTWR model outperformed others in analyzing the relation‑
ship between rail transit ridership and the built environment.  
In addition， the coefficients of explanatory variables showed 
significant variation across spatiotemporal dimensions， re‑
vealing distinct patterns.  Notably， the influence of com‑
muter flows led to more pronounced temporal heterogeneity 
in the coefficients observed on weekdays.  These findings of‑
fer valuable insights for optimizing urban public transporta‑
tion systems and advancing integrated urban rail develop‑
ment.
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temporal analysis； geographically and temporally weighted 
regression（GTWR）
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Rapid economic development， continuous urbaniza‑
tion， unchecked urban expansion， and the rapid 

growth of private car ownership have exacerbated traffic 
congestion in metropolitan areas［1］.  This has led to se‑
vere “ urban illnesses［2］，” including environmental pollu‑
tion， ecosystem damage， and increased accidents［3］.  Ur‑
ban rail transport has emerged as a crucial solution for op‑
timizing urban transport systems， offering high effi‑
ciency and capacity to alleviate road congestion and re‑

duce traffic‑related pollution.  In China， urban rail transit 
has entered a phase of rapid construction， making it es‑
sential to ensure that planned rail transit stations align 
with the actual commuting needs of metropolitan resi‑
dents［4］.  A thorough understanding of the key factors in‑
fluencing rail transit ridership， along with their temporal 
and spatial variations［5］， is vital for optimizing public 
transport resource allocation and guiding land use and 
transportation planning.

Factors influencing rail transit ridership can be broadly 
categorized into external and internal factors［6‑8］.  Exter‑
nal factors typically include land use， construction inten‑
sity， and population and employment density， while in‑
ternal factors encompass transportation fares， service 
quantity （such as station distance， route coverage， and 
accessibility）， and service quality （including safety， reli‑
ability， comfort， and street‑level services）［9‑11］.  Among 
the spatial characteristics of the built environment， land 
use and development intensity are significant factors in‑
fluencing ridership［12］.  Liu et al.［13］ analyzed the Guang‑
zhou Metro in China， confirming a strong correlation be‑
tween land use and transit ridership.  Similarly， Sohn et 
al.［14］ found that building area significantly impacts rider‑
ship.  Jun et al.［15］ further explored this relationship by 
analyzing the proportions of residential， commercial， of‑
fice， manufacturing， and mixed land use as key vari‑
ables affecting ridership.  Intersection density and road 
network density influence rail transit ridership by reflect‑
ing the connectivity of the subway network within the ser‑
vice area， which indirectly indicates regional accessibil‑
ity［16］.  Similarly， the distance to the central business dis‑
trict （CBD） serves as a key measure of accessibility， as 
proximity to the CBD is negatively correlated with pas‑
senger numbers owing to the central clustering effect of 
city centers［17］.  In terms of social environment character‑
istics， population and employment density are among the 
most frequently used variables［7］.  In addition， the im‑
pact of population age on ridership is noteworthy， as a 
higher proportion of elderly residents typically correlates 
with reduced ridership［18］.  Regarding station technical 
service characteristics， explanatory variables include ser‑
vice frequency， station spacing， number of stations， and 
transfer potential.  Kuby et al. ［7］ used dummy variables 
to represent terminal and transfer stations， ultimately 
confirming that both have a significant positive impact on 
ridership.  Furthermore， multimodal connection vari‑
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ables， such as the presence of bus routes and stops， can 
attract a substantial number of interchange passengers to 
rail transport， enhancing the efficiency of rail services 
and increasing overall ridership levels［19］.

Rail transit ridership exhibits both spatial and temporal 
characteristics.  Although extensive research has been 
conducted on ridership， few studies have investigated its 
influencing factors from an integrated spatial and tempo‑
ral perspective.  Regression analysis is a commonly em‑
ployed method to explore the relationship between rail 
transit ridership and elements of the built environment in 
urban rail transport research.  Among these methods， or‑
dinary least squares （OLS） is a widely used and represen‑
tative global regression model［20］.  However， OLS has 
been criticized by numerous scholars for its inability to 
account for the spatial variability present in real‑world 
data［15］.  Several models have been developed as exten‑
sions of OLS to enhance accuracy and interpretability.  
These include the two‑stage least squares （2SLS） 
model［5］， the distance‑decay regression model［21］， the 
structural equation model （SEM）［14］， the Bayesian nega‑
tive binomial regression model［22］， and the geographi‑
cally weighted regression （GWR） model［23］.  GWR is a 
local regression model that integrates spatial information 
into the regression equation， allowing it to capture the 
spatial heterogeneity of regression coefficients.  Cardozo 
et al.［23］ applied GWR to develop a direct transit rider‑
ship model for Madrid’s metro stations， demonstrating 
that the GWR model provided a better fit compared with 
OLS.  Ridership also exhibits temporal variability， such 
as the pronounced differences between peak and off‑peak 
levels， while GWR cannot effectively capture it as it 
lacks a temporal dimension.  To address this limitation， 
Huang et al.［24］ introduced the geographically and tempo‑
rally weighted regression （GTWR） model， which incor‑
porates an additional time dimension.  Ma et al. ［25］ ap‑
plied GTWR to analyze one month of transit smart card 
and point‑of‑interest data to assess the influence of the 
built environment on transit ridership in Beijing.  Their 
findings demonstrated that GTWR achieved a signifi‑
cantly better goodness‑of‑fit compared with OLS and 
GWR models.

A review of the relevant literature leads to the follow‑
ing conclusions.  Spatiotemporal heterogeneity is a criti‑
cal factor in understanding the influence of the built envi‑
ronment on rail transit ridership.  The relationship be‑
tween independent and dependent variables exhibits sig‑
nificant variation across both time and space， requiring 
fine‑grained analysis at the spatiotemporal scale.  The 
GTWR model demonstrates high fitting accuracy， mak‑
ing it an effective tool for analyzing and forecasting pas‑
senger traffic.  However， studies utilizing the GTWR 
model are limited， particularly in scenarios where the 
temporal dimension is not explicitly considered.  There‑

fore， verifying the validity and advantages of GTWR in 
rail transit ridership analysis is crucial.  Moreover， when 
selecting influencing factors， considering that socioeco‑
nomic factors， built environment factors， and transit ser‑
vice factors all play a role in shaping ridership is essen‑
tial.  In summary， this study builds on existing research 
by selecting appropriate variables and comparing the per‑
formance of OLS， GWR， and GTWR models to explore 
and analyze the relationship between rail ridership and 
the built environment in Nanjing.  The key innovations of 
this research are summarized as follows：
（1） In terms of methods， the GTWR model is intro‑

duced to perform regression analysis on the factors influ‑
encing rail transit ridership.  This model is then compared 
with several commonly used regression models to evalu‑
ate their fitting performance， thereby validating the effec‑
tiveness of GTWR in examining the relationship between 
rail transit ridership and the urban built environment.
（2） In terms of analysis， a detailed study of rail transit 

ridership is conducted from both temporal and daily per‑
spectives.  This enables a comprehensive analysis of how 
elements of the built environment influence rail transit 
ridership in Nanjing， taking into account spatial and tem‑
poral variations.
（3） In terms of theory， this study confirms the impor‑

tance of spatiotemporal heterogeneity in the detailed 
analysis of metro passenger flow， with the time of day—
particularly on weekdays—playing a crucial role.  By ex‑
amining the interaction between the urban built environ‑
ment and metro passenger flow from a micro perspec‑
tive， this research enriches and enhances the theoretical 
understanding of the mechanisms influencing urban 
metro passenger flow.
1　Study Area and Data

1. 1　Study area
Nanjing， the capital of Jiangsu Province， is located in 

the Yangtze River Delta and serves as a key gateway link‑
ing eastern and western China.  The city features a central 
urban area supported by three sub‑centers， evolving into 
a “ two belts， one axis” spatial framework.  In 2005， 
Nanjing’s first subway line， Metro Line 1， was offi‑
cially opened.  As the city expanded and traffic demand 
grew， the Nanjing Metro had 10 operational lines by Oc‑
tober 2019.

In this study， 159 rail stations in Nanjing were se‑
lected.  Most studies［26‑28］ use an 800 m radius as the 
catchment area for rail stations， as this distance is gener‑
ally considered an acceptable walking distance.  There‑
fore， an 800 m buffer zone was established around each 
station.  The environmental variables within each buffer 
zone were collected to examine the relationship between 
rail transit ridership demand and the environmental char‑
acteristics of the stations.
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1. 2　Data
1. 2. 1　Rail transit ridership data

This study utilized subway card swiping data from 
Nanjing， covering a 14‑d period from October 14 to Oc‑
tober 27， 2019， provided by the Nanjing Transportation 
Department.  The study focused on the operation time of 
rail transit， with passenger flow analyzed at the hourly 
level.  Subway card swipe data from 5：00 to 22：00 each 
day were selected for analysis.  Ridership data for week‑
days and weekends were tallied separately by hour， and 
average values were calculated to determine the average 
travel volume for each station by hour.
1. 2. 2　Urban spatial variables

The spatial elements of the built environment include 
land use， construction intensity， and distance to the 
CBD.  Unfortunately， intersection density and road net‑
work density were not included as variables in this study 
owing to limitations in data precision.  Land use is identi‑
fied using points of interest from the Baidu API and cat‑
egorized into three groups： life service facilities （e. g. ， 
catering， shopping， housing， and medical care）， infor‑
mation service facilities （e. g. ， finance， science， and 
education）， and medical service facilities （e. g. ， health‑
care）.  Development intensity is represented by building 
area and facility mix.  The facility mix is quantified using 
an entropy index， which is calculated based on the num‑
ber of different types of facilities surrounding each site， 
as shown below：

S = -∑
i = 1

n

Pi log10 Pi

where Pi represents the percentage of facility type i 

within the total land area， and n denotes the total number 
of different facility types.  The facility mix index ranges 
from 0 （indicating homogeneity） to 1 （indicating hetero‑
geneity）［29］.  The distance to the CBD is measured from 
each station to the Xinjiekou area， which is regarded as 
the CBD of Nanjing.  All urban spatial variables were se‑
lected for the year 2019.
1. 2. 3　Socioeconomic variables

Socioeconomic variables include population density 
and structure［30］.  Employment density was not included 
owing to challenges in data availability.  Population data 
were obtained from LandScan Global Population Data.  
The age structure of the population was categorized into 
three groups for the study： young （0‑45 years old）， 
middle‑aged （45‑59 years old）， and elderly （>60 years 
old）， with data sourced from Worldpop （www. world‑
pop. org）.  All socioeconomic variables were selected for 
the year 2019.
1. 2. 4　Transit service variables

Five main variables are used to describe transit service 
factors： transfer stations， terminal stations， station spac‑
ing， number of bus lines， and vehicle speed.  Dummy 
variables were employed to represent transfer and termi‑
nal stations.  Station spacing refers to the distance to the 
nearest station on the same line.  The number of bus lines 
and vehicle speeds reflect the influence of different trans‑
portation modes on the subway， with data provided by 
Amap.  All transit service variables were selected for the 
year 2019.

Table 1 presents the descriptive statistics for the data 
mentioned above， including the mean， standard devia‑
tion （SD）， and minimum/maximum values.

Table 1　Summary of variables and descriptive statistics
Variable

Work_Popus
End_Popus

Living
Consult
Medical

Faci_Mix
Resi_Area/m2

Bu_Area/m2

Co_Area/m2

Dist_To_CBD/m
Population

Old
Middle
Youth

Transfer
Terminal
Length/m
Bus_Lines

Jtts_Mean/(km·h-1)

Description
Average weekday ridership per station by hour
Average weekend ridership per station by hour

Number of living facilities within the PCA
Number of consulting facilities within the PCA

Number of medical facilities within the PCA
Land use mix index

Residential area within the PCA
Office building area within the PCA

Commercial area within the PCA
Distance from the station to the CBD
Population density within the PCA

Proportion of the population over 60 years old
Proportion of the population aged 45‑59
Proportion of the population aged 0‑44

Transfer station (0 for ordinary, 1 for transfer)
Terminal station (0 for ordinary, 1 for terminal)

Distance to the nearest directional station
Number of bus lines within PCA

Average daily vehicle speed

Mean
1 234.17
1 196.45
877.67
116.81
27.81
0.58

1 517 501.82
161 629.77
204 996.01
16 091.79

0.06
0.18
0.26
0.56
0.07
0.08

2 158.95
16.87
46.52

SD
1 912.76
1 902.57
1 382.02
205.01
43.01
0.20

1 417 246.60
318 985.37
293 417.13
14 276.94

0.09
0.02
0.03
0.06
0.25
0.26

1 755.36
11.19
19.11

Max
20 345
24 461
9 839
1 407
278
0.77

5 656 505.00
2 053 411.80
2 010 957.50

78 212.70
0.51
0.26
0.31
0.60
1.00
1.00

13 592.91
56.00
98.47

Min
2
2
0
0
0
0
0
0
0

24.28
0
0
0
0
0
0

813.6
1.00

23.36
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2　Model Comparison

Before establishing the regression model for ridership， 
the variables were tested and transformed.  A normality 
test was conducted for ridership data on weekdays and 
weekends， by hour.  The results indicated that the data 
did not follow a normal distribution.  Therefore， a 
Box‑Cox transformation was applied to the passenger 
flow data on an hourly basis， and the transformed results 
generally conformed to a normal distribution for each 
hour.  In addition， to identify multicollinearity among 
the selected variables， the variance inflation factor 
（VIF） and Pearson correlation coefficient were exam‑
ined.  The variable for living facilities showed a high cor‑
relation with the consulting and medical facilities vari‑
ables， with correlation coefficients of 0. 91 and 0. 78， re‑
spectively.  To avoid multicollinearity， this variable was 
eliminated.  Finally， all independent variables were stan‑
dardized in this study to facilitate a comparison of the im‑
pact coefficients across the different variables.

In this study， the selected variables were screened us‑
ing OLS， where the significance of each variable was as‑
sessed based on its p‑value.  Any variables with a p‑value 
greater than 0. 1 were eliminated.  As shown in Table 2， 
a total of 13 variables were retained.  Although popula‑
tion density did not show a significant correlation with 
ridership， it remained in the model as a crucial factor for 
any forecasting model.  The VIF of the model results was 
checked， confirming that none of the variables exhibited 
multicollinearity issues.

Compared with the OLS and GWR models， the 
GTWR model demonstrates a significant advantage in 
terms of fit performance （Table 3）.  A model is consid‑
ered better fitted when its determinant coefficients 
（R‑squared） are higher and its AIC values are lower.  

Specifically， the R2 is notably higher in the GTWR 
model for both weekdays and weekends.  The adjusted R2 
for the weekday model increases from 0. 195 in the OLS 
model and 0. 231 in the GWR model to 0. 868 in the 
GTWR model， while the adjusted R2 for the weekend 
model increases from 0. 338 in the OLS model and 
0. 469 in the GWR model to 0. 767 in the GTWR model.  
In both the weekday and weekend models， the AICc 
value and residual sum of squares for the GTWR model 
are noticeably lower than those for the OLS and GWR 
models， indicating a better fit.  This demonstrates that in‑
corporating spatiotemporal information significantly en‑
hances the model’s explanatory power.  The improve‑
ment in fit performance is more pronounced in the week‑
day model， as a large number of daily commutes on 
workdays generally exhibit a similar temporal pattern.

Whether on weekdays or weekends， the mean coeffi‑
cients of the regression results for transit ridership show 
positive values for facility mix， office building area， resi‑
dential building area， commercial building area， popula‑
tion， youth， transfer stations， terminal stations， station 
distance， and the number of bus lines， indicating that in‑
creases in these variables contribute to higher ridership.  
In contrast， the mean coefficients for the elderly popula‑
tion and average daily vehicle speed are negative on both 

weekdays and weekends， suggesting that increases in 
these factors lead to a decrease in ridership.
3　Temporal and Spatial Characteristics of Coef⁃

ficients

The analysis results from the GTWR model reflect 
both the temporal and spatial distribution of impact coef‑
ficients， offering a more comprehensive understanding 
of how variables influence rail transit ridership across dif‑

Table 2　Regression model results
Variable
Faci_Mix
Resi_Area
Bu_Area
Co_Area

Dist_To_CBD
Population

Old
Youth

Transfer
Terminal
Length

Bus_Lines
Jtts_Mean

Weekday
0.301 4***(0.036 8)
0.151 0***(0.045 4)
0.105 7***(0.031 8)
0.073 9**(0.034 1)

−0.189 6***(0.050 5)
0.007 3(0.026 9)

−0.063 1**(0.031 3)
0.087 1***(0.029 8)
0.178 2***(0.030 7)
0.139 0***(0.030 2)
0.117 5***(0.042 7)
0.171 3***(0.045 1)
−0.066 8*(0.039 6)

Weekend
0.278 1***(0.019 6)
0.087 1***(0.024 2)

0.018 4(0.016 9)
0.079 7***(0.018 2)

−0.088 7***(0.026 9)
0.030 5(0.022 2)

−0.050 3***(0.016 7)
0.080 2***(0.015 9)
0.144 4***(0.016 3)
0.110 3***(0.016 1)
0.096 4***(0.022 7)
0.150 9***(0.024 0)

−0.061 4***(0.021 1)

VIF
1.64
2.49
1.23
1.41
3.09
2.12
1.19
1.08
1.14
1.10
2.21
2.47
1.90

Note: ***, **, and * denote statistical significance at the 1%, 5%, and 
10% levels, respectively. Standard errors are presented in paren‑
theses.

Table 3　Comparison of OLS， GWR， and GTWR results

Model parameter
R2

Adj R2

AICc
Residual squares

Weekday
OLS
0.199
0.195

10 590.87
6 715.199

GWR
0.235
0.231

10 583.10
64 15.03

GTWR
0.869
0.868

5 992.03
1 098.91

Weekend
OLS
0.341
0.338

6 982.67
1 903.41

GWR
0.472
0.469

6 613.14
1 526.17

GTWR
0.768
0.767

4 581.41
671.28
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ferent periods and stations.  In this study， several key 
variables， such as office building area， residential build‑
ing area， commercial building area， elderly population， 
youth population， and bus lines， were selected as ex‑
planatory variables.  These variables focus on the spatial 
and temporal characteristics of various land use types， in‑
cluding intensity of construction， population structure， 
and feeder interchanges.  According to the GTWR analy‑
sis， we generated a time series of the impact coefficients 
and calculated the mean values by hour for temporal char‑
acterization.  The morning peak hours on weekdays were 
also selected to visually illustrate the spatial variability of 
the mean values of the impact coefficients.
3. 1　Intensity of construction variables

Figs. 1（a）， （b）， and （c） illustrate the time series for 
the influence coefficients of office building area， residen‑
tial building area， and commercial building area， respec‑
tively.  The office building area positively affects rider‑
ship throughout the weekday， with two distinct peaks at 
7：00 and 17：00.  （Fig. 1（a））， coinciding with com‑
muter travel times.  In contrast， office building area has 
little impact on ridership during weekends， with the pat‑

tern remaining relatively flat， suggesting that office 
buildings are less attractive on weekends.  As illustrated 
in Fig. 1（b）， the change pattern in the regression coeffi‑
cients for residential buildings during weekdays is largely 
consistent with that of office buildings.  On weekends， 
residential buildings show an overall positive effect， al‑
though relatively weak.  As depicted in Fig. 1（c）， the 
temporal variation in the impact of commercial building 
areas on ridership is distinctly different.  The influence of 
commercial buildings during weekdays begins to rise 
from 06：00， peaking at 17：00， likely when people go 
out to dine， relax， or shop after work.  On weekends， 
commercial buildings are positively correlated with rider‑
ship throughout the day， with a peak at 17：00， confirm‑
ing that residents’ weekend travel is mainly for entertain‑
ment and leisure.

The mean impact coefficients of office building area， 
residential building area， and commercial building area 
during weekday mornings from 7：00 to 20：00 are se‑
lected for spatial trend analysis （Fig. 2）.  The positive di‑
rection of the Y‑axis represents north， the positive direc‑
tion of the X‑axis represents west， and the surface 
formed by the X‑ and Y‑axes represents the distribution of 
the influence points of each factor on a planar map.  The 
positive direction of the Z‑axis indicates the magnitude of 
the impact coefficient.  Fig. 2（a） illustrates a spatial pat‑
tern of office building area impact coefficients， with 
higher concentrations in the central and northern areas 
and lower concentrations in the periphery.  The northern 
distribution reflects uneven， localized concentrations of 
office buildings in the northern city areas， where resi‑
dents predominantly use rail transport for commuting.  
The central city area exhibits a dense concentration of of‑
fice buildings， enhancing the attractiveness of commuter 
traffic and resulting in higher impact coefficients for of‑
fice building areas.  Fig. 2（b） illustrates the spatial distri‑
bution of residential building area impact coefficients， 
with lower concentrations in central areas and higher con‑
centrations in peripheral areas.  This suggests that people 
living farther from the city center are more dependent on 
the metro during the morning rush hour.  Fig. 2（c） illus‑
trates the spatial distribution of commercial building im‑
pact coefficients during the morning peak period， reveal‑
ing slightly higher concentrations in the central and west‑
ern city areas， with lower concentrations elsewhere.  The 
central city’s abundance of commercial buildings gener‑
ates significant employment opportunities and strong rail 
transit ridership.  Conversely， the western region shows 
higher regression coefficients owing to the presence of 
fewer commercial buildings and lower land use diver‑
sity， resulting in reduced passenger flows during the 
morning peak.

Fig. 1　Temporal analysis of the coefficients of the intensity of 
construction variables.  （a） Coefficients of Bu_Area； （b） Coef⁃
ficients of Resi_Area； （c） Coefficients of Co_Area
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3. 2　Population structure variable

The effects of the elderly and youth on ridership are op‑
posite， as illustrated in Fig. 3（a）.  The coefficient of in‑
fluence for youth is positive， while the coefficient for the 
elderly is negative.  During weekdays， young people 
mainly travel for commuting， with peaks at 7：00 and 
17：00.  After 17：00， young people continue to engage in 
activities or work overtime， leading to a sustained impact 
on transit ridership.  In contrast， the influence coefficient 
for the elderly reaches its lowest values at 7：00 and 

17：00， as various obstacles discourage subway use， and 
they tend to avoid travel during rush hours.  In terms of 
spatial distribution， the influence of youth on subway 
passenger flow is most prominent in the central and north‑
ern main urban areas， particularly during the 7：00‑8：00 
period， as illustrated in Fig. 3（b）.  This spatial distribu‑
tion characteristic generally aligns with the spatial pattern 
of the impact factor for the office building area， leading 
to the conclusion that young people’s primary purpose 
for traveling in the area during the morning peak is for 
work.  In contrast， the elderly have a relatively low im‑
pact factor in this period owing to peak avoidance trips 
（Fig. 3（c））.  In addition， the urban periphery exhibits 

Fig. 2　 Spatial analysis of the coefficients of the intensity of 
construction variables.  （a） Coefficients of Bu_Area； （b） Coef⁃
ficients of Resi_Area； （c） Coefficients of Co_Area

Fig. 3　Temporal and spatial analysis of the population struc⁃
ture variable coefficients.  （a） Temporal analysis of the coeffi⁃
cients for the old and youth variables； （b） Spatial analysis of 
the coefficients for the youth variable； （c） Spatial analysis of 
the coefficients for the old variable
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the lowest impact coefficients for both the elderly and the 
young during the morning rush hour， owing to the over‑
all low population density and size.
3. 3　Feeder interchanges variable

The regression coefficients for bus routes on both week‑
days and weekends are positive and high （Fig. 4（a））， 
indicating that bus connections contribute significantly to 
transfer passenger volumes and are a major source of 
transit ridership.  The impact of bus routes starts to in‑
crease at 5：00， as rail transit does not cover the entire 
area.  Many residents rely on buses to transfer to the sub‑
way early in the morning to reach their workplaces on 
time.  Ridership peaks at 7：00 and then drops sharply be‑
fore rising again after 14：00 to reach a second peak at 
17：00， the evening peak period， when many residents 
again need to transfer via bus.  This highlights the impor‑
tance of bus services as feeder lines to urban rail sys‑
tems.  In Fig. 4（b）， the bus stop impact coefficient 
shows a spatially decreasing trend from south to north be‑
tween 7：00 and 8：00 on weekdays.  In the southern ar‑
eas， the highest impact coefficients are observed owing 
to the presence of fewer bus lines， uneven distribution， 
and concentration in the regional center.  This makes rid‑
ership more sensitive to changes， while longer distances 
to rail stations contribute to stronger bus dependence.  In 
the main city， despite the dense bus network， the more 

convenient subway service leads to competition between 
rail transit and buses， resulting in a lower impact coeffi‑
cient for buses.
4　Discussion

According to the regression analysis findings， the 
study discusses several key factors influencing metro rid‑
ership.  Built environment factors such as facility mix， 
office building area， residential building area， and com‑
mercial building area show positive coefficients on both 
weekdays and weekends， indicating their role in stimulat‑
ing ridership.  To enhance accessibility and promote rid‑
ership， it is recommended to advocate for mixed‑use de‑
velopment around metro stations within walking dis‑
tance.  Optimizing land‑use efficiency by increasing den‑
sity and diversity can further boost ridership.  Balancing 
local job creation with housing development is essential， 
particularly in densely populated areas during peak 
hours.  This requires adaptable passenger diversion strate‑
gies to enhance transit efficiency.

Socioeconomic variables show that population density 
and younger demographics positively influence metro rid‑
ership， while an increase in the elderly population may 
limit patronage.  Addressing the specific needs of elderly 
and vulnerable groups is crucial， with a focus on 
barrier‑free subway station designs to improve comfort 
and accessibility.  Additional measures， such as special‑
ized subway cards， queue‑free services， dedicated ser‑
vice counters， and designated waiting areas， can further 
enhance the transit experience for these groups.

Station service variables such as transfer stations， ter‑
minal stations， station spacing， and bus line connectivity 
positively correlate with rail transit ridership， while 
higher vehicle speeds have a negative impact.  Enhancing 
multimodal transport integration， particularly by improv‑
ing connections and managing diversions during peak pe‑
riods， is crucial.  Strategic initiatives should focus on 
strengthening bus service capacities and expanding ser‑
vice coverage in specific areas and times， ensuring seam‑
less coordination and integration between bus and metro 
systems.
5　Conclusions

（1） In this paper， the GTWR model is applied to con‑
struct hourly scale metro passenger flow models for 
weekdays and weekends and then compared with the cor‑
responding OLS and GWR models.  The GTWR model 
demonstrates superior fit and more accurate estimation re‑
sults.  Moreover， the model effectively explains the de‑
terminants of transit ridership and confirms the 
time‑dependent effects of the built environment on rider‑
ship.  The impacts of the various indicators selected in 
this study align with findings from existing research 

Fig. 4　Temporal and spatial analysis of the coefficients of the 
number of bus lines variable.  （a） Temporal analysis of the co⁃
efficients of the number of bus lines variable； （b） Spatial analy⁃
sis of the coefficients of the number of bus lines variable
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while addressing the gap in studies that lack spatial and 
temporal factors.
（2） The higher intensity of urban construction and 

mixed land use significantly stimulates metro passenger 
traffic， attracting a large number of travelers， for whom 
the area typically serves as both a departure point and a 
destination.  The interactive relationship between urban 
land use and transport should be fully leveraged to intro‑
duce more transport services in highly developed areas to 
simultaneously improve urban space utilization and trans‑
port efficiency.  High‑population‑density areas also ex‑
hibit high ridership， and densely populated urban regions 
rely on metro networks to provide high capacity and en‑
sure fast， reliable transportation.  Similarly， metro net‑
works， which involve high construction costs， require 
high‑density urban areas to ensure sufficient passenger 
flow， making increased accessibility a crucial factor.
（3） Other aspects of transport system performance， 

such as customer satisfaction and environmental impact， 
should also be considered.  Although young people repre‑
sent the majority of metro ridership， public transport sys‑
tems should not focus solely on high‑demand groups at 
the expense of disadvantaged populations， as equity is a 
key criterion for evaluating the quality of a rail system.  
Efforts should be made to classify the accessibility of rail 
transit for different groups， with particular attention 
given to the needs of the elderly and other vulnerable 
populations.  Developing specific service policies and 
building appropriate infrastructure will help increase 
metro ridership among these groups.
（4） The interchangeability of rail transport and its con‑

nectivity with other modes of transport significantly im‑
pact passenger flows.  That is， enhancing passenger mo‑
bility increases the overall utility of the system.  Al‑
though competition sometimes arises between buses and 
metros， in many areas， convenient bus connections are 
an essential component of public transport， as urban 
feeder lines contribute to rail transit ridership.  Improving 
the integration of bus and metro systems encourages 
more people to use public transport.  Furthermore， in ar‑
eas with heavy road congestion and low traffic speeds， 
the robust development of rail transport presents an effec‑
tive solution.
（5） The results of the spatiotemporal analysis reveal a 

significant concentration of people during peak periods， 
with spatial differences in the areas of concentration 
across periods.  For example， commuters from areas far‑
ther from the city center tend to travel earlier in the day， 
and over time， a clustering effect forms in areas closer to 
the CBD.  This pattern can be used to inform the develop‑
ment of flexible passenger flow diversion policies tai‑
lored to different areas at various times of the day.  En‑
hancing bus connections during peak hours can help im‑
prove the efficiency， safety， and comfort of rail travel.

（6） In summary， this study provides valuable guid‑
ance for transport policymakers and urban planners by 
helping to assess the drivers of station patronage and fa‑
cilitating the rational allocation of resources during the 
implementation process.
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时空维度下建成环境对地铁客流影响研究
胡明星， 汪纯欣

（东南大学建筑学院，南京210096）
摘要： 探究轨道交通站点周边建成环境对地铁客流量的影响及其时空变化特征，有助于提升轨道交通运行

效率，指导站点规划与开发。基于南京市 14 d内 159个地铁站的地铁刷卡数据，对工作日和周末客流量变化

规律进行解释，解释变量包含城市空间变量、社会经济变量和站点技术服务变量 3类。建立时空地理加权回

归（GTWR）模型，将模型拟合结果与普通最小二乘（OLS）模型和地理加权回归（GWR）模型进行比较。研究

结果表明，GTWR模型解释效果更优，更适用于研究城市建成环境和客流量的关系；解释变量的影响系数在

不同时空维度下变化较大，并呈现一定的规律；受通勤客流的影响，工作日的影响系数表现出更显著的时间

异质性。该结论可为优化城市公共交通系统和促进站城一体化建设提供借鉴与参考。

关键词：建成环境；轨道交通客流量；时空分析；时空地理加权回归（GTWR）

中图分类号：TU98

243


