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Abstract
First- and last-mile connectivity in dense megacities depends heavily on metro–bus transfers, yet the two directions, bus-to-metro (access) and metro-to-

bus (egress), are usually treated as one and modeled with global regressions that assume spatially uniform effects. Using 1 month of smart card records from

306 Shanghai metro stations, we estimate directional transfer rates with Ordinary Least Squares (OLS) and Geographically Weighted Regression (GWR), and

mask statistically insignificant local coefficients with pseudo t-statistics. GWR substantially improves model fit over OLS and reveals a clear core–periphery

gradient. For bus-to-metro flows, metro ridership and distance to the central business district (CBD) strengthen feeder demand in peripheral districts but

lose significance near  the urban core,  while  parking density  suppresses transfers  network-wide.  For  metro-to-bus flows,  egress  is  more sensitive to CBD

distance, and parking density operates as a localized rather than uniform deterrent. The same built-environment factor can therefore push transfer behavior

in opposite directions depending on station context, which argues for station-specific rather than citywide integration policies.
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 Introduction
Metro  systems  in  global  megacities  move  billions  of  passengers

annually, yet their effectiveness hinges critically on integration with
feeder  services.  In  Shanghai  alone,  millions  of  daily  metro  trips
depend  on  bus  connections  for  first- and  last-mile  access,  making
transfer  efficiency  a  pivotal  determinant  of  system-wide  perfor-
mance.  The well-known 'first-mile/last-mile'  problem constrains the
effectiveness  of  public  transport,  and  metro–bus  transfers  are  cen-
tral  to  bridging  these  gaps[1].  Understanding  what  drives  transfer
ridership  is  therefore  crucial  for  designing  seamless  multimodal
systems in dense urban contexts such as Shanghai.

Extensive  research  has  examined  determinants  of  public  trans-
port ridership, with particular attention to built environment factors
summarized  in  the  5Ds  framework:  density,  diversity,  design,  dis-
tance  to  transit,  and  destination  accessibility[2,3].  Empirical  studies
consistently  highlight  how  urban  form  and  land-use  composition
shape access to and egress from metro systems. For instance, popu-
lation and employment density tend to increase metro usage, while
parking  supply  or  low  street  connectivity  may  discourage  feeder
trips.  These  findings  suggest  that  built  environment  characteristics
shape  not  only  overall  transit  demand  but  also  the  propensity  to
combine  modes—yet  their  effects  on  transfer  behavior  specifically
remain underexplored.

The  increasing  availability  of  smart  card  data  has  enabled  richer
insights  into  multimodal  behavior.  Such  data  provide  detailed
spatiotemporal  records  of  passenger  trips,  allowing  researchers  to
detect  transfer  patterns  with  much  higher  resolution  than  surveys
or  aggregate  counts[4−6].  Studies  have  used  smart  card  datasets  to
analyze  metro  access  modes,  characterize  transfer  behavior,  and
monitor  temporal  variations  in  flows.  Yet  most  of  this  work  has
treated  transfers  in  aggregate,  often  overlooking  the  directional
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distinction between bus-to-metro (B M) and metro-to-bus (M B)
transfers, which serve different functions in daily commuting. B M
transfers function primarily as access trips, concentrated in morning
peaks  and  shaped  by  bus  stop  accessibility  and  station  proximity.
M B transfers,  by contrast,  serve as  egress  trips  linked to employ-
ment density, land-use mix, and activity centers, often spread across
the  day.  Treating  these  flows  as  a  single  category  conceals  their
distinct  drivers  and  limits  the  effectiveness  of  targeted  policies  for
multimodal integration.

A second limitation is methodological: many prior studies employ
global models such as Ordinary Least Squares (OLS)[7], which assume
spatially invariant effects of explanatory variables[8]. However, urban
contexts vary widely: bus stop proximity may be highly predictive of
transfers  in  peripheral  districts  but  less  influential  in  city  centers,
where  networks  are  denser.  Similarly,  parking  availability  may
suppress  transfers  in  suburban  locations  but  play  little  role  down-
town.  Recent  transport  research  increasingly  recognizes  that  such
relationships  are  spatially  heterogeneous[9].  Ignoring  this  hetero-
geneity risks obscuring localized dynamics and misinforming policy.

→ →

To address these gaps, this study integrates large-scale smart card
data  with  built  environment  measures  to  investigate  metro–bus
transfers  in  Shanghai.  We  distinguish  between  B M  and  M B
transfer  rates  and  apply  both  global  (OLS)  and  local  (GWR)  model-
ing approaches to capture spatially varying relationships. The objec-
tives are threefold: (1) to identify key built environment and service-
related  factors  affecting  metro–bus  transfer  ridership;  (2)  to  exa-
mine  how  the  influence  of  these  factors  varies  across  space,  high-
lighting  differences  between  central  and  peripheral  areas;  (3)  to
provide  empirical  evidence  that  supports  differentiated  strategies
for enhancing metro–bus integration in megacities.

Building upon the integration of large-scale smart card data with
detailed  built-environment  and  socio-demographic  indicators,  and
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→ →

employing  both  global  (OLS)  and  local  (GWR)  regression  approa-
ches, this study makes three major contributions. Methodologically,
it applies GWR alongside OLS to capture spatial heterogeneity over-
looked by global models. Empirically, it combines multimodal travel
data  and  contextual  variables  to  analyze  directional  transfer  rates
in Shanghai,  distinguishing between B M and M B flows.  Practi-
cally,  it  reveals  how  the  influence  of  key  factors  varies  between
central  and  peripheral  areas,  offering  evidence  for  targeted  strate-
gies to enhance metro–bus connectivity in megacities.

The remainder of the paper is organized as follows. The literature
review  synthesizes  prior  work  and  identifies  the  research  gap;  the
data preparation section introduces the study area and datasets; the
methodology section outlines the modeling framework;  the results
and  discussion  section  presents  the  findings  and  examines  spatial
heterogeneity;  and  the  conclusions  summarize  key  insights  and
policy implications.

 Literature review
Studies  on  multimodal  integration  have  examined  metro–bus

transfers  in  terms  of  ridership,  built-environment  influences,  and
spatial  heterogeneity,  yet  these strands are rarely  integrated:  rider-
ship  analyses  overlook  spatial  variation,  built-environment  studies
assume  uniform  effects,  and  spatial  models  seldom  distinguish
directional  flows.  To  situate  this  study,  the  review  covers  three
areas—empirical  evidence  on  transfers,  built-environment  corre-
lates, and spatial methods—together with a synthesis of the remain-
ing research gap.

 Empirical evidence on metro–bus transfers
Research  on  multimodal  integration  has  long  emphasized  the

role  of  transfers  in  sustaining public  transport  ridership.  Early  work
examined transfer penalties,  showing that additional walking, wait-
ing, and uncertainty can generate substantial perceived disutility for
passengers[10].  Subsequent  studies  used  passenger  survey  data  to
measure  transfer  inconvenience  and  its  impact  on  mode  choice,
finding  that  poor  transfer  design  significantly  suppresses  public
transport  demand.  More  recent  work  has  applied  operational  data
to evaluate transfer efficiency at interchange hubs, highlighting the
importance  of  minimizing  access  distance  and  coordinating  bus
arrivals  with  metro  schedules.  Other  studies  have  employed  smart
card data to quantify temporal dynamics of transfers, offering more
precise  operational  evidence[4,6,11].  Similar  approaches  have  been
extended  internationally,  such  as  in  Seoul  and  Singapore,  where
automatic  fare  collection  (AFC)  data  have  revealed  how  transfer
penalties  vary  across  user  groups  and  times  of  day[5].  Taken  toge-
ther,  this  body  of  research  demonstrates  that  metro–bus  transfers
are  pivotal  to  ridership  outcomes,  with  their  efficiency  and  conve-
nience  directly  conditioning  the  overall  performance  of  urban
public transport systems.

 Built-environment effects on metro–bus transfers
Beyond  service  coordination,  the  built  environment[12] shapes

how  easily  passengers  can  reach  and  leave  metro  stations.  The
'3D/5D'  paradigm  has  been  widely  used  to  explain  station-level
ridership[12,13].  Applying  these  principles  to  transfers,  scholars  have
shown  that  higher  residential  density  and  mixed  land  use  around
stations  tend  to  increase  feeder  bus  demand,  while  large  parking
supply  can  reduce  bus  reliance  by  encouraging  park-and-ride.
Station-area  pedestrian  and  bicycle  facilities  also  influence  transfer

choice,  as  safe  and  connected  networks  make  non-motorized
options  more  competitive.  More  recently,  researchers  have
employed  points-of-interest  (POI)  data  and  fine-grained  street
network  measures  to  capture  the  urban  design  characteristics  that
encourage  or  discourage  transfers.  Case  studies  in  cities  such  as
Guangzhou[14] confirm that the relationship between built  environ-
ment  and  transfer  propensity  is  context-dependent  and  may  differ
substantially  between  access  and  egress  transfers.  However,  many
of these studies remain geographically limited and often treat metro
ridership  as  a  single  outcome,  without  distinguishing  directional
transfers between bus-to-metro (access) and metro-to-bus (egress).

 Spatial analysis methods and heterogeneity
Methodologically,  most  existing  studies  estimate  global  regres-

sion models that assume spatially uniform effects across a network.
Yet  mounting  evidence  suggests  that  transfer  determinants  vary
geographically. For example, bus stop proximity may be decisive in
suburban  areas  but  negligible  in  dense  city  centers,  while  parking
supply  may  strongly  discourage  bus  feeders  in  outer  districts  but
play  little  role  downtown[15].  GWR  and  other  local  models  provide
a  means  to  capture  such  heterogeneity,  offering  location-specific
parameter  estimates[16,17].  Recent  applications  in  transport  geogra-
phy confirm that  built-environment impacts  on ridership can differ
significantly  across  stations[14].  Spatiotemporal  extensions  of  GWR
also demonstrate that built-environment effects may change across
both  location  and  time  of  day,  underscoring  the  importance  of
accounting  for  contextual  variation.  Despite  these  advances,  rela-
tively  few  studies  have  explicitly  applied  spatially  varying  coeffi-
cient models to metro–bus transfer ridership, leaving a gap in under-
standing the localized dynamics of access and egress transfers.

→ →

Three gaps therefore remain. First,  most studies aggregate direc-
tional  flows,  ignoring  functional  differences  between  bus-to-metro
(access) and metro-to-bus (egress) transfers. A related body of work
has  approached  metro–bus  integration  from  environmental,
demand-forecasting,  and  bus-operation  perspectives.  Wu  et  al.[18]

combined  phase-space  reconstruction  with  a  CNN–LSTM  architec-
ture  to  forecast  short-term  inbound  passenger  flows  at  urban  rail
stations;  Yuan  et  al.[19] and  Sui  et  al.[20] emphasized  bus  frequency,
timetable coordination, and facility planning in multimodal systems.
These  studies  offer  useful  context,  but  they  leave  open  a  more
specific  question:  how  do  station-area  built-environment  and
service  attributes  affect  directional  B M  and  M B  transfer  rates,
and  do  these  effects  vary  across  space?  This  study  addresses  that
question using station-level smart card data and GWR. Second, built
environment research assumes spatially uniform effects despite evi-
dence  that  relationships  vary  across  urban  contexts.  Third,  limited
integration  of  smart  card  and  built  environment  data  constrains
station-level  analysis.  This  study  addresses  these  gaps  through
directional disaggregation, geographically weighted regression, and
integrated multi-source data.

 Data preparation
Before  proceeding  to  the  empirical  analysis,  this  section  intro-

duces  the  study  context  and  data  foundation.  Shanghai  serves  as
an  appropriate  case  for  examining  metro–bus  integration,  and  a
multi-source  dataset  combining  smart  card  records,  built-environ-
ment indicators,  and socio-demographic  attributes  is  assembled to
support  the  analysis.  The  following  subsections  describe  the  study
area,  data  sources,  processing  steps,  and  variables  used  in  the
models.
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Figure 1 outlines the overall research design, showing how multi-
source data are processed into directional metro–bus transfer rates
and  subsequently  examined  through  global  and  local  spatial
models. This framework provides a roadmap for the empirical analy-
sis,  from  data  preparation  and  variable  construction  to  spatial
heterogeneity interpretation and policy implications.

 Study area and data
Shanghai,  the  most  populous  metropolis  in  China,  is  a  premier

case  for  studying  metro–bus  integration.  Covering  6,340  km2 with
16 districts[2],  it  remains one of  China's  largest  and densest  munici-
palities, making it an exemplary case for examining metro–bus inte-
gration.  The  city  has  committed  to  green  and  low-carbon  trans-
portation  in  its  2017–2035  master  plan,  which  emphasizes  transit
network  optimization  and  the  construction  of  a  multimodal  rail
transit  system[21].  As  of  the  mid-2010s,  Shanghai  operated  one  of
the  world's  largest  public  transport  systems[22],  with  a  vast  metro
network (15 lines in 2015) and an extensive bus system (over 1,000

routes). This study leverages multiple data sources from Shanghai to
analyze metro–bus transfer  ridership.  The primary dataset  is  transit
smart  card  transactions  recorded  in  April  2015[2],  encompassing  all
metro  and  bus  rides  in  the  city  during  that  month.  This  1-month
smart  card  dataset  captures  millions  of  rides  across  the  15  metro
lines  and  1,000+  bus  routes,  with  each  record  containing  an
anonymized card ID, date, time, mode (metro or bus), route/station
name,  and  fare  paid.  These  detailed  electronic  records  provide
sequential trip information that can reveal when and where passen-
gers transfer between the metro and bus.

To  strengthen  the  analysis  of  metro–bus  transfer  behavior,  we
complemented the smart card dataset with a comprehensive built-
environment  database  around  transit  stations.  This  included  socio-
demographic  data  from  the  national  census  (population  and
employment  counts)[23],  the  street  network  from  OpenStreetMap
(OSM)[24],  and  POI  data  collected  from  Gaode  Maps[25] (2015).  The
POI  dataset  classifies  locations  into  15  categories  such  as  dining,
retail,  residential  communities,  offices,  schools,  hospitals,  tourist

 

Fig. 1  General research framework for analyzing spatial heterogeneity in metro–bus transfer behavior.
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attractions,  and transportation facilities,  providing a detailed repre-
sentation of local land-use characteristics. In addition, key characte-
ristics  of  each  metro  station's  facilities—particularly  the  number  of
metro  lines  serving  the  station  and  the  number  of  station
entrances/exits—were obtained from official transit agency records.
All  data  sources  were  standardized  to  a  consistent  spatial  and
temporal  scope.  Specifically,  all  spatial  datasets  were  projected  to
the  WGS  84  coordinate  system,  and  the  temporal  coverage  was
restricted  to  April  2015,  during  which  1  month  of  metro  and  bus
smart  card  transactions,  along  with  corresponding  built-environ-
ment  data,  were  collected  and  aligned  for  analysis.  Built-environ-
ment  indicators  were  calculated  within  a  1  km  buffer  around  each
metro  station,  as  this  distance  is  commonly  adopted  in  transit
research  to  approximate  typical  walking  catchment  areas  and  to
capture the immediate spatial context influencing transfer behavior.
This  integration  of  smart  card  transactions  with  built  environment
and  transport-related  attributes  ensured  a  robust  multi-source
database for subsequent empirical analysis.

 Data processing
All  datasets  underwent  rigorous  preprocessing  to  ensure  quality

and  consistency.  The  raw  smart  card  data  were  first  cleaned  by
removing  incomplete  records  and  duplicates.  Implausible  entries,
such  as  trips  with  erroneous  timestamps  or  unrealistic  durations,
were  filtered  out.  In  addition,  a  geographic  boundary  filter  was
applied  to  retain  only  trips  occurring  within  the  Shanghai  metro-
politan area. To further ensure reliability, outlier detection was con-
ducted on trip durations and distances, and any journeys exceeding
three standard deviations from the mean were excluded. This 'three-
sigma'  approach,  commonly  used  in  transport  data  analysis,  pre-
vented  unusually  long  or  erroneous  trips  from  distorting  subse-
quent  modeling.  After  these  cleaning  steps,  a  refined  dataset  of
smart  card  transactions  was  obtained,  containing  temporally  and
spatially consistent records of metro and bus trips.

While the empirical analysis is based on the April 2015 smart card
dataset,  several  considerations  support  its  continued  analytical
validity. First, this dataset offers a complete network-wide census of
all  metro  and  bus  transactions,  with  strict  temporal  alignment  to
contemporaneous census, OpenStreetMap, and Gaode POI data—a
level of cross-source consistency that is essential for unbiased GWR
estimation but increasingly difficult to achieve with recent datasets
due to tightened data governance regulations in China. Second, the
principal contribution of this study lies in identifying spatial hetero-
geneity  mechanisms  in  metro–bus  transfer  behavior  rather  than
in  providing  point  estimates  for  current  operational  planning;  the
underlying  core–periphery  structure  of  Shanghai's  transit  system
has  been  structurally  preserved  despite  network  expansion.
Although  new  metro  lines  have  been  added  since  2015,  these
extensions  have  predominantly  increased  peripheral  coverage
rather than altered the dense central network, and may in fact have
reinforced  the  core–periphery  gradient  documented  in  our  results.
Recent  studies  using  post-2018  Shanghai  data  report  consistent
spatial patterns[26].

In  this  study,  a  metro–bus  combined trip  is  defined as  a  journey
in  which  a  passenger  uses  metro  and  bus  sequentially,  linked  by  a
transfer within a short time window. Because smart card systems log
discrete boarding and alighting events  rather  than complete travel
chains,  identifying  such  linked  journeys  requires  a  maximum
elapsed-time rule to separate an interchange from the start of a new
journey[5,27].  Following  the  thresholds  commonly  adopted  in  smart
card studies of multimodal transfer behavior[27], we set this window

to  30  min:  where  a  passenger  exited  one  mode  and  boarded  the
other  within  30  min,  the  two  segments  were  treated  as  a  single
continuous journey involving a transfer. Among passengers depart-
ing  from  a  metro  station,  some  continue  via  metro,  while  others
switch to buses. Metro-to-bus transfers were identified and retained
by examining the travel mode field in the trip dataset, with transfer
times capped at 30 min. This method applies equally to identifying
bus-to-metro  transfers.  The  overall  structure  of  this  metro–bus
transfer process is illustrated in Fig. 2.

In parallel, a series of built-environment measures was derived to
quantify  the  spatial  context  of  transfers.  As  illustrated in  the  upper
panel of Fig. 2,  a circular buffer zone with a 1 km radius was estab-
lished  around  each  metro  station.  Within  this  zone,  POIs,  road
segments, and census data were aggregated. From these inputs, we
calculated  land-use  indicators  (the  proportion  of  residential,  office,
and tourism POIs), road network density (km/km2), and bicycle lane
density. Socio-demographic attributes, including population density
and  employment  density,  were  derived  from  census  data  for  the
corresponding areas.  All  built-environment and socio-demographic
attributes were then linked to the station-level transfer data. Table 1
reports descriptive statistics of the key variables after processing.

 Variable descriptions

→ →

To investigate the determinants of metro–bus transfer ridership in
Shanghai, explanatory variables were drawn from three dimensions:
transportation  and  travel  characteristics,  built  environment  and
land-use attributes, and population and employment factors. These
perspectives capture both the supply side of transit services and the
demand  side  of  urban  activity  distribution.  Two  dependent  vari-
ables  were  defined:  the  B M  transfer  rate  and  the  M B  transfer
rate.  To  mitigate  potential  biases  arising  from  locational  disparities
in passenger volumes, transfer rates rather than absolute passenger
counts are employed as the outcome measures in this study.

 Transportation and travel characteristics
Metro  station  ridership  serves  as  an  indicator  of  a  station's  role

within the urban public transport network. High passenger volumes

 

Fig. 2  Defining a metro–bus transfer: a 30-min window linking trip legs
across modes.
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not  only  reflect  strong  dependence  on  rail  transit  but  also  place
greater  demands  on  bus  feeder  capacity.  Accordingly,  metro  rider-
ship  is  included  as  a  variable  in  analyzing  bus–metro  integration.
The number of metro lines and station entrances/exits further shape
transfer  convenience:  a  higher  number  of  lines  enhances  connecti-
vity  and expands  the  catchment  area,  whereas  multiple  entrances/
exits  facilitate  passenger  dispersion and reduce bottlenecks  during
transfers. The spatial relationship between metro and bus stops also
plays a critical role. The distance to the nearest bus stop determines
the  walking  cost  of  a  transfer:  shorter  distances  encourage  com-
bined  metro–bus  use,  while  longer  distances  discourage  passen-
gers and increase the likelihood of modal substitution. Similarly, bus
stop  density  captures  the  overall  supply  of  feeder  services;  higher
densities  generally  provide  more  transfer  opportunities  but  may
also be associated with operational complexity.

 Built-environment and land-use characteristics
Several  indicators  were  introduced  to  represent  how  the  urban

form influences transfer behavior. The distance from a station to the
central  business  district  (CBD)  reflects  the  spatial  structure  of  com-
muting  flows,  with  centrally  located  stations  typically  attracting
more access trips. Parking lot density measures the degree of auto-
mobile accessibility, which may substitute for feeder buses in subur-
ban  contexts  by  encouraging  park-and-ride  trips.  Bicycle  lane
density  is  included  as  a  competing  access  mode;  where  safe  and
continuous cycling infrastructure exists, passengers may rely less on
bus feeders for metro access. Road network density, defined as road
length  per  unit  area,  represents  connectivity  and  route  diversity.  A
denser network can increase accessibility but may also dilute feeder
bus  demand  by  providing  alternative  travel  paths.  Land-use  attri-
butes  are  represented  through  the  share  of  specific  POIs  (tourist,
office,  and  residential  functions)  within  the  station  catchment.
Tourist  and office-related POIs  typically  generate strong directional
transfer demand (e.g., egress trips in the morning or access trips for

leisure),  while  residential  POIs  reflect  potential  origins  of  feeder
demand.

Population density reflects the residential base of potential metro
users  who  may  rely  on  feeder  buses  for  access,  while  employment
density  represents  workplace  concentration  that  generates  egress
trips.  Unlike  office  POIs,  which  capture  a  specific  land-use  type,
employment density broadly reflects job opportunities across indus-
tries,  providing  a  more  general  measure  of  work-related  travel
demand.  These  two  demographic  indicators  complement  land-use
variables  by  quantifying  the  scale  of  local  demand  for  multimodal
transfers.

 Dependent variables
To  avoid  biases  caused  by  absolute  ridership  volumes,  transfer

efficiency is captured by directional rates using 1 month of data. The
bus-to-metro transfer rate is defined as:

RB→M =
NB→M

Nin
(1)

NB→M
Nin

where,  denotes  the  number  of  passengers  who  arrive  by  bus
and  subsequently  enter  the  metro  at  a  given  station,  and  is  the
total  number  of  metro  entries  at  that  station  from  all  access  modes
(including bus feeders, walking, cycling, and metro-to-metro transfers).

The metro-to-bus transfer rate is defined as:

RM→B =
NM→B

Nout
(2)

NM→B
Nout

where,  denotes the number of passengers who exit the metro
and transfer to buses at a given station, and  is the total number of
metro exits at that station to all egress modes (including bus transfers,
walking, cycling, and metro-to-metro transfers).

RB→M
RM→B

These directional rates measure the proportion of metro users at
each station who rely on bus integration for access ( ) or egress
( ).  By  distinguishing  between  these  two  flows,  the  analysis
captures  the  functional  asymmetry  between  access  and  egress
transfers  and  provides  a  station-specific  measure  of  multimodal
integration efficiency.

 

Table 1.  Definitions and descriptive statistics of the variables.

Category Variable Symbol Min Mean Max SD

Dependent variables
→Bus Metro transfer rate RB→M  (ratio) 0.000296 0.122 0.696 0.123

→Metro Bus transfer rate RM→B  (ratio) 0.000132 0.113 0.803 0.118

Transit service and station network
Metro ridership (monthly) MR (#) 1,171 436,923 2,567,207 387,063

Number of metro lines Nline  (lines) 1 1.310 4 0.621

Number of station exits Nexit  (#) 1 5.143 20 2.826

Distance to nearest bus stop Dbus_nn  (km) 0.003 0.256 1.872 0.326

Bus stop density Dbus  (#/km2) 0 7.065 15.924 3.153

Built environment
Parking density Dpar  (#/km2) 0 5.118 13.113 3.771

Bicycle lane density Dbld  (km/km2) 0 0.452 4.023 0.863

Road network density Droad  (km/km2) 0.036 12.791 32.331 5.540

Distance to CBD DCBD  (km) 0.552 13.735 65.984 10.324

Residential POI share Pres  (ratio) 0.215 0.472 0.798 0.096

Office POI share Poff  (ratio) 0 0.101 0.288 0.029

Tourism POI share Ptour  (ratio) 0 0.328 0.667 0.060

Population density (buffer) Ppop  (pers/km2) 56 18,851.271 44,682 12,126.491

Employment density (buffer) Pjob  (jobs/km2) 0.080 285.476 905.573 246.295

SD,  standard  deviation;  POI,  point  of  interest;  CBD,  central  business  district.  #,  number  (count).  Transfer  rates  and  POI  shares  are  expressed  as  ratios  (0–1),  not
percentages.  Metro  ridership  is  the  total  number  of  entries  recorded  at  the  station  over  the  1-month  study  period  (April  2015).  All  built-environment  and  socio-
demographic indicators are measured within a 1 km buffer around each metro station.
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In  summary,  the  selected  variables  comprehensively  capture
station-level  transfer  dynamics  across  three  dimensions:  service
supply  (metro  and  bus  characteristics),  built-environment  condi-
tions  (land  use,  infrastructure,  and  urban  form),  and  socio-demo-
graphic context  (residential  and employment density). Table 1 pre-
sents  descriptive  statistics  for  all  variables  measured  at  306  metro
stations  in  April  2015.  Prior  to  estimation,  all  explanatory  variables
were rescaled to a common numerical  range so that the estimated
coefficients are directly comparable in magnitude across predictors;
the  dependent  transfer  rates  were  retained  on  their  original  0–1
scale.

 Methodology

RB→M RM→B

This  study employs GWR and OLS models  to examine how built-
environment variables influence metro–bus transfer rates. To ensure
model  robustness,  the  VIF  test  was  first  applied  to  the  14  explana-
tory  variables,  thereby  addressing  potential  multicollinearity  and
improving  estimation  reliability.  Subsequently,  a  stepwise  regres-
sion procedure was conducted to retain only statistically significant
variables.  This  process  reduced  redundancy  among  predictors  and
ensured that the final models focused on the most relevant determi-
nants  of  and ,  providing  a  consistent  basis  for  both
global (OLS) and local (GWR) analyses.

 Multicollinearity test

VIF
VIF

R2

Before estimating the regression models,  it  is  essential  to ensure
that  explanatory  variables  are  not  strongly  correlated  with  one
another,  as  multicollinearity  may  bias  coefficient  estimates  and
reduce  the  reliability  of  statistical  inference.  To  address  this  issue,
the variance inflation factor ( ) was employed to diagnose multi-
collinearity among the selected variables. The  is calculated for
each  independent  variable  based  on  the  coefficient  of  determina-
tion ( ) obtained from an auxiliary regression, as shown in Eq. (3):

VIF =
1

1−R2 (3)

VIF > 10A  commonly  used  threshold  is ,  which  indicates  a  high
level  of  multicollinearity  and  suggests  that  the  variable  should  be
reconsidered or removed[28]. In this study, the VIF test was applied to
the fourteen explanatory variables described in the variable descrip-
tions  subsection  to  ensure  that  multicollinearity  did  not  compro-
mise the accuracy of the subsequent OLS and GWR models.

 Ordinary least squares

RM→B
RB→M

To examine the global determinants of bus–metro transfer rates,
we  employed  the  OLS  regression  model  as  a  baseline  analytical
framework[29].  The  dependent  variables  were  defined  as  the 
and  at  each  metro  station,  while  explanatory  variables  were
identified using the multicollinearity and stepwise screening proce-
dures described above.

The OLS model is specified as:

Yi = β0+

p∑
k=1

βkXik +εi, i = 1,2, · · · ,n, (4)

Yi RM→B RB→M i Xik

k i βk

εi

where  denotes the  and  at station ,  represents the
th explanatory  variable  for  station ,  is  the  corresponding

regression coefficient, and  is the random error term.

 Stepwise regression
To  identify  the  most  influential  explanatory  variables,  stepwise

regression was employed prior to model estimation. This procedure

F
RB→M RM→B

iteratively introduces or eliminates candidate variables based on the
-test,  retaining  only  those  with  significant  explanatory  power[28].

Separate regressions were conducted for  and , and the
selected  variables  were  subsequently  used  in  the  OLS  and  GWR
models.

FThe  decision  criterion  for  stepwise  selection  is  based  on  the -
test statistic:

F =
(RS S r −RS S ur)/ (pur − pr)

RS S ur / (n− pur −1)
(5)

RS S r

RS S ur pr

pur

n
F

where,  denotes  the  residual  sum  of  squares  (RSS)  of  the
restricted model,  is  the RSS of  the unrestricted model,  and

 represent the number of explanatory variables in the restricted and
unrestricted models,  respectively,  and  is  the sample size.  When the

 statistic  exceeds  the  critical  value,  the  newly  added  variable  is
considered to significantly improve model fit and is retained. Through
repeated  testing  of  variable  significance,  stepwise  regression  ensures
that  only  robust  predictors  of  transfer  rates  are  preserved,  providing
reliable  inputs  for  subsequent  OLS  and  GWR  analysis.  A  lenient  entry
threshold  was  adopted  at  this  stage  so  that  borderline  predictors
would  not  be  discarded  prematurely;  final  variable  retention  for  the
GWR specifications was therefore determined by the subsequent OLS
t-tests rather than by the stepwise procedure alone.

 Spatial autocorrelation test

I

Before  applying  the  GWR,  the  spatial  dependence  of  the  global
model  residuals  is  examined,  since  residual  spatial  autocorrelation
indicates  that  a  global  specification  has  failed  to  capture  spatially
varying relationships[30].  Moran's  is  additionally computed for the
individual explanatory variables to characterize their spatial cluster-
ing, although variable-level clustering is descriptive and does not by
itself  establish  coefficient  non-stationarity.  Spatial  autocorrelation
refers to the degree of similarity between values of a variable across
spatial locations, where positive autocorrelation indicates clustering
of similar values and negative autocorrelation implies spatial disper-
sion.

I

I

In  this  study,  Moran's  statistic  was  employed  to  evaluate  the
global  spatial  autocorrelation  of  the  explanatory  variables,  includ-
ing  built-environment  measures,  transport  service  indicators,  and
demographic attributes. Moran's  is defined as:

I =
n
W
·

n∑
i=1

n∑
j=1

wi j(xi− x̄)(x j− x̄)

n∑
i=1

(xi− x̄)2

(6)

n xi x j

x i j x̄ x wi j

i j W =
∑

i

∑
j

wi j

where,  is  the  number  of  spatial  units;  and  are  the  observed
values of variable  at locations  and ;  is the mean of ;  is the

spatial weight matrix element between  and ; and  is

the sum of all spatial weights.
If  the  test  results  indicate  significant  positive  spatial  autocorre-

lation,  global  OLS  estimates  may  fail  to  capture  localized  spatial
processes. In such cases, local models such as GWR are necessary to
account  for  spatial  heterogeneity  and  to  provide  more  accurate
inference.

 Geographically weighted regression model
In  regression  analysis,  if  linear  regression  models  are  used  with-

out  accounting  for  spatial  context,  the  estimated  coefficients
may  ignore  spatial  non-stationarity  and  fail  to  capture  the  true
underlying  relationships[30].  Specifically,  the  association  between
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independent variables and dependent outcomes often varies across
space,  reflecting  localized  dynamics  rather  than  global  uniformity.
Ignoring this heterogeneity can obscure important insights and lead
to biased inferences. In the context of this study, spatial non-statio-
narity is particularly relevant for analyzing metro–bus transfer rates,
where  built  environment  factors  may  exert  different  effects  in
central versus peripheral districts[14]. To address this issue, we adopt
GWR,  which  extends  the  traditional  OLS  model  by  allowing  coeffi-
cients to vary across geographic space.

The GWR model can be expressed as:

Yi = β0(ui,vi)+
p∑

k=1

βk(ui,vi) Xik +εi, i = 1,2, · · · ,n (7)

(ui,vi) i
βk(ui,vi) k
εi

where,  denotes  the  spatial  coordinates  of  observation ;
 represents the location-specific coefficient for variable ; and

 is  the  error  term.  This  specification  captures  the  spatial  heteroge-
neity of the relationship between explanatory variables and metro–bus
transfer rates.

The  coefficients  are  estimated  using  a  weighted  least  squares
procedure:

β̂(ui,vi) =
(
X⊤W(ui,vi) X

)−1X⊤W(ui,vi)Y (8)

Xwhere,  is the design matrix:

X =


1 x11 · · · x1k

1 x21 · · · x2k
...
...
. . .

...
1 xn1 · · · xnk

 , (9)

W(ui,vi) is the spatial weight matrix:

W(ui,vi) = diag
{
w1(ui,vi), w2(ui,vi), . . . , wn(ui,vi)

}
. (10)

j i

In this study, an adaptive bisquare kernel function was employed
to  construct  the  spatial  weight  matrix.  The  weight  assigned  to
observation  at location  is defined as:

wi j =


1− (

di j

bi

)22

, if di j < bi

0, otherwise

(11)

di j i j bi

i

→ →

where,  is the Euclidean distance between locations  and , and 
is  the  adaptive  bandwidth  at  location .  The  adaptive  specification
was  selected  to  account  for  the  uneven  spatial  distribution  of  metro
stations across Shanghai,  where station density is substantially higher
in  the  inner  city  than  in  suburban  corridors.  The  optimal  bandwidth
was  determined  by  minimizing  the  corrected  Akaike  Information
Criterion  (AICc),  yielding  bandwidths  of  191  neighboring  features  for
the  B M  model  and  112  neighboring  features  for  the  M B  model.
These  values  indicate  that  each  local  regression  was  calibrated  using
the  respective  number  of  nearest  observations,  ensuring  stable  local
estimates regardless of local data density.
β is the matrix of estimated coefficients:

β =


β0(u1,v1) · · · βk(u1,v1)
β0(u2,v2) · · · βk(u2,v2)
...

. . .
...

β0(un,vn) · · · βk(un,vn)

 , (12)

Yand  is the response vector:

Y =


y1
y2
...

yn

 . (13)

By  systematically  comparing  OLS  and  GWR,  we  evaluate  both
global and spatially varying determinants of transfer ridership.

 Results and discussion
This  section  presents  the  empirical  findings  of  the  study.  Global

regression  results  provide  baseline  associations  between  explana-
tory  variables  and  transfer  rates,  while  GWR  highlights  spatial
heterogeneity  in  their  effects.  The  discussion  is  organized  to  com-
pare  bus-to-metro  and  metro-to-bus  transfers,  emphasizing  both
common patterns and location-specific variations.

 Model diagnostics and specification

RM→B RB→M

RB→M

RM→B

The diagnostic  procedure began with multicollinearity  screening
of all  explanatory variables listed in Table 1. The VIF was computed
using ArcGIS, and variables with VIF values above 10 were excluded
to  ensure  model  stability.  After  this  filtering,  stepwise  OLS  regres-
sions  were  conducted  separately  for  and  in  order  to
retain  only  statistically  significant  predictors.  In  the  regression
model with the  as the dependent variable, seven explanatory
variables  were  retained:  monthly  metro  ridership,  distance  to  the
CBD, parking lot density,  population density,  road network density,
the proportion of tourist attraction POIs, and distance to the nearest
bus  stop.  For  the  regression  model  with  the  as  the  depen-
dent variable, five variables were preserved: distance to the nearest
bus  stop,  distance  to  the  CBD,  parking  lot  density,  monthly  metro
ridership, and population density.

RB→M RM→B

Following the stepwise OLS regression, and based on the specifi-
cation of the OLS model in Eq. (4), the final regression equations for

 and  were derived.  The OLS regression results  indicate
the  relationships  between  transfer  rates  and  the  selected  explana-
tory variables, highlighting both positive and negative influences of
the built environment and service-related factors:

R̂B→M =β0−0.029 Ppop+0.230 DCBD+0.319 Ptour

−0.137 Dpar−0.139 Droad+0.154 MR−0.074 Dbus_nn
(14)

RB→M Ptour
Ppop

DCBD Dpar
Droad MR

Dbus_nn
DCBD Ptour MR RB→M

Ppop Dpar Droad Dbus_nn

where,  denotes  the  bus-to-metro  transfer  rate;  is  the
proportion  of  tourist  attraction  POIs;  represents  population
density;  indicates the distance to the CBD;  refers to parking
lot density;  is road network density;  denotes metro ridership;
and  is the distance to the nearest bus stop. The results indicate
that , ,  and  exert  positive  effects  on ,  whereas

, , , and  are negatively associated:
R̂M→B =β0−0.048 Ppop+0.336 DCBD−0.160 Dpar

−0.123 Dbus_nn+0.266 MR
(15)

RM→B Ppop
DCBD Dpar

Dbus_nn
MR Ppop Dpar
Dbus_nn RM→B DCBD MR

where,  denotes the metro-to-bus transfer rate;  represents
population density;  indicates the distance to the CBD;  refers
to parking lot density;  is  the distance to the nearest bus stop;
and  denotes  metro  ridership.  The  findings  show  that , ,
and  negatively  influence ,  while  and  exert
positive effects.

F

α = 0.05 α = 0.10

To  further  examine  the  significance  of  individual  explanatory
variables, t-tests were conducted on the OLS regression coefficients.
Unlike  the -test,  which  evaluates  the  overall  significance  of  the
regression  model,  the t-test  assesses  the  statistical  significance  of
each independent variable. When the absolute value of the t-statis-
tic  is  less  than  the  critical  value  associated  with  the  chosen  signifi-
cance  level  (  in  this  study,  or  in  some  cases),  the
coefficient  is  considered  statistically  insignificant;  otherwise,  the
variable is deemed significant. The results are summarized in Tables
2 and 3.

I
Prior  to  estimating  the  GWR  models,  the  spatial  dependence  of

the OLS residuals was examined using the global Moran's  statistic.
This  test  constitutes  the  primary  diagnostic  basis  for  the  transition
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→ I
→

I

from  global  OLS  to  local  GWR:  If  residuals  are  spatially  autocorre-
lated,  the  global  model  has  failed  to  capture  spatially  varying  rela-
tionships,  and  a  local  model  is  required.  As  shown  in Table  4,  the
OLS  residuals  exhibit  statistically  significant  positive  spatial  auto-
correlation  in  both  specifications.  For  the  B M  model,  Moran's 
is  0.113058  (Z =  4.451014, p <  0.00001).  For  the  M B  model,  the
result  is  similarly  significant,  with  Moran's  equal  to  0.123467 (Z =
4.858613, p <  0.00001).  These  findings  confirm  the  presence  of
unexplained spatial structure in both global models.

I
→
→

Following GWR estimation, residual spatial autocorrelation is sub-
stantially  reduced  and  rendered  statistically  insignificant  in  both
cases,  as  reported  in Table  5.  Moran's  falls  to −0.003062  (Z =
0.016194, p = 0.987079) for the B M model and to −0.012077 (Z =
−0.632434, p = 0.527103) for the M B model. This sharp reduction
indicates  that  the  local  GWR  models  effectively  capture  the  spatial
heterogeneity that the global OLS models cannot accommodate.

I

I

The p-values  of  population  density  (0.534300  and  0.446886,
respectively)  fail  to  reach  statistical  significance,  indicating  that  its
effect  on  the  dependent  variable  is  not  significant.  Therefore,  this
variable was excluded from the GWR model.  It  is  worth noting that
the  application  of  the  global  Moran's  statistic  in  ArcGIS  to  exam-
ine spatial clustering and the use of OLS to test variable significance
are both diagnostic approaches for assessing whether variables are
suitable  for  inclusion  in  a  GWR  model.  These  procedures  do  not
follow a strict sequential  order.  Consequently,  although population
density was excluded from the GWR model based on the OLS signifi-
cance test, it was still included in the Moran's  analysis to evaluate
the spatial clustering characteristics of the variables.

I ArcGIS

I Z

After  retaining  the  significant  explanatory  variables,  a  spatial
autocorrelation test was conducted. Specifically, the global Moran's

 statistic was subsequently applied in  to examine whether
these  variables  exhibited  spatial  clustering.  The  outputs  included
the Moran's  index, expected index, variance, -score, and p-value
(Tables 6 and 7).  As noted above,  population density is  reported in
both  tables  for  completeness,  even  though  it  was  subsequently

Z
excluded  from  the  GWR  specifications  on  the  basis  of  its  insignifi-
cant OLS t-statistic.  For all  variables tested, -scores exceeded 2.58
and p-values  were  below  0.01,  indicating  strong  and  statistically
significant  spatial  autocorrelation.  This  finding  suggests  that  a
global  regression framework may not  adequately  capture  localized
effects, and motivates the application of GWR.

→
→

R2

R2

R2

R2

R2

→ →

R2

Accordingly,  GWR  models  were  estimated  for  both  B M  and
M B  transfers.  The  ArcGIS  output  contained  a  feature  class  with
residuals,  observed  and  predicted  values  of  transfer  rates,  local 
statistics,  and  location-specific  parameter  estimates  with  standard
errors.  The  statistical  summary  further  reported  the  global ,
adjusted ,  and  corrected  Akaike  Information  Criterion  (AICc).  A
comparison  of  model  diagnostics  (Tables  8 and 9)  shows  that  the
GWR  substantially  improves  explanatory  power,  with  higher 
values and lower AICc relative to the OLS benchmark. These results
demonstrate  that  transfer  behavior  in  Shanghai  is  spatially  hetero-
geneous,  and  that  GWR  provides  a  more  robust  framework  for
understanding  the  varying  influence  of  built  environment  factors
across  different  station  areas.  The  adjusted  values  of  0.374  for
B M and 0.291 for  M B are  modest,  though broadly  in  line  with
comparable  station-level  studies  relying  on  built-environment
predictors.  Part  of  the  explanation  lies  in  the  nature  of  the  depen-
dent variable:  transfer  rates normalize out total-volume effects  and
isolate  mode-choice  behavior,  which  is  inherently  less  well
explained  by  physical  attributes  alone.  The  GWR  models  raise
adjusted  to 0.490 and 0.418, respectively, corresponding to gains
of  12  and  13  percentage  points.  This  suggests  that  much  of  the
unexplained OLS variance is spatially structured rather than random
noise,  thereby  motivating  the  local  modeling  approach  adopted
here.

 Discussion on the spatially varying effects

RB→M
RM→B

After  multicollinearity  screening,  stepwise  regression,  and  the
OLS t-tests,  six  explanatory  variables  were  retained  in  the  GWR
model  with  as  the  dependent  variable,  while  four  variables
were  preserved  in  the  GWR  model  for .  To  enhance  inter-
pretability,  regression  coefficients  were  spatially  visualized  and
classified  into  seven  categories  using  the  natural  breaks  method:
positive  values  indicate  that  the  variable  increases  the  transfer
rate at that station,  whereas negative values indicate a suppressive
effect.  Statistical  reliability  is  handled  separately,  through  the
pseudo t-statistic masking described below, rather than through the
coefficient  magnitude itself.  The resulting spatial  distribution maps
illustrate the heterogeneous impacts of different factors on transfer
rates across urban areas.

 

RB→MTable 2.  OLS coefficient estimates and t-tests ( ).

Variable Coefficient t-statistic p-value Significance

Road network density −0.139395 −2.187172 0.029495 **
Distance to nearest bus stop −0.074204 −1.864957 0.063174 *
Distance to CBD 0.230025 3.210951 0.001468 ***

Population densitya −0.029297 −0.622181 0.534300 ns
Proportion of tourist POIs 0.318515 2.044617 0.041763 **
Parking density −0.136822 −3.438710 0.000681 ***
Metro ridership 0.154115 3.837729 0.000161 ***

***, **,  and * indicate that the coefficient is statistically significant at the 1%, 5%,
and 10% levels, respectively (i.e., p < 0.01, p < 0.05, and p < 0.10); ns indicates not
significant  (p ≥ 0.10).  a Population  density  was  retained  in  the  OLS  results  for
transparency, but excluded from the GWR estimation due to its insignificant OLS
t-statistic.

 

RM→BTable 3.  OLS coefficient estimates and t-tests ( ).

Variable Coefficient t-statistic p-value Significance

Distance to CBD 0.336207 2.407780 0.016641 **
Population density −0.047775 −0.761604 0.446886 ns
Distance to nearest bus stop −0.122878 −2.490553 0.013285 **
Parking density −0.160087 −3.049310 0.002507 ***
Metro ridership 0.266319 4.689708 0.000006 ***

***, **,  and * indicate that the coefficient is statistically significant at the 1%, 5%,
and 10% levels, respectively (i.e., p < 0.01, p < 0.05, and p < 0.10);  ns indicates not
significant (p ≥ 0.10).

 

ITable 4.  Global Moran's  test on OLS residuals.

Model IMoran's Z -score p-value Significance

→OLS (B M) 0.113058 4.451014 < 0.00001 ***
→OLS (M B) 0.123467 4.858613 < 0.00001 ***

***,  **,  and  *  indicate  statistical  significance  at  the  1%,  5%,  and  10%  levels,
respectively; ns indicates not significant (p ≥ 0.10).

 

ITable 5.  Global Moran's  test on GWR residuals.

Model IMoran's Z -score p-value Significance

→GWR (B M) −0.003062 0.016194 0.987079 ns
→GWR (M B) −0.012077 −0.632434 0.527103 ns

***,  **,  and  *  indicate  statistical  significance  at  the  1%,  5%,  and  10%  levels,
respectively; ns indicates not significant (p ≥ 0.10).
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α = 0.10

To  ensure  that  the  spatial  patterns  depicted  in Figs  3−11 reflect
only statistically reliable local relationships,  pseudo t-statistics were
extracted from the GWR output for each station–variable combina-
tion. Stations where the absolute value of the local pseudo t-statis-
tic falls below 1.65 ( , two-tailed) are classified as 'not signifi-
cant'  and  displayed  with  a  distinct  grey  marker  in  all  coefficient
maps.  Coefficient  values  reported  and  discussed  in  the  text  refer
exclusively to this statistically significant subset. The coefficient map
for Tourist POI Proportion is omitted because only a limited number
of stations show statistically significant local effects.

 Spatial heterogeneity of bus-to-metro transfers

→ →
Following  variable  selection,  six  predictors  were  retained  for

B M transfers and four for M B transfers. GWR estimation reveals
substantial  spatial  variation  in  all  coefficients,  indicating  that  built-
environment  effects  depend strongly  on local  context. Figures  3−7
map these spatially varying relationships using natural breaks classi-
fication,  with  coefficient  signs  indicating  the  direction  of  influence
on transfer rates.

 Distance to the nearest bus stop

→
Where  statistically  significant,  distance  to  the  nearest  bus  stop

exerts a uniformly negative effect on B M transfer rates, with local
coefficients spanning −0.495 to −0.001 (Fig. 3). The strongest deter-
rent effects are concentrated at outer suburban stations along Line
11,  such  as  Jiading  North,  where  sparse  bus  coverage  makes  walk-
ing  distance  a  critical  barrier  to  metro  access.  The  effect  weakens
progressively  toward  the  inner  ring,  where  dense  bus  networks
render  passengers  largely  indifferent  to  marginal  changes  in  stop

proximity.  A  subset  of  central  stations  is  accordingly  classified  as
statistically insignificant.  This center-to-periphery gradient confirms
that  first-mile  connectivity  investments  yield  the  highest  ridership
returns in outlying districts with sparse feeder networks.

 Metro ridership
→Metro  ridership  is  positively  associated  with  B M  transfer  rates

across  all  significant  stations,  with  local  coefficients  ranging  from
0.094  to  0.353  (Fig.  4).  A  clear  center-to-periphery  gradient  is
evident:  central  stations  record  modest  coefficients  (0.094−0.160),
while  outer  segments  of  Lines  7  and  9  reach  0.311−0.353.  In  the
dense  urban  core,  multiple  access  pathways  reduce  the  marginal
contribution  of  any  single  feeder  mode,  and  several  mature  inner-
ring hubs  fall  below the  significance  threshold.  In  peripheral  areas,
where alternative access  modes are  limited,  each incremental  rider
generates  proportionally  greater  bus  feeder  demand.  These  find-
ings  imply  that  bus–metro  integration  investments  yield  the  high-
est marginal returns in expanding the peripheral network.

 Road network density

→

→

Road  network  density  exerts  a  uniformly  negative  influence  on
B M transfers  where statistically  significant,  with local  coefficients
ranging from −0.823 to −0.156 (Fig. 5). Mid-ring stations account for
the largest insignificant fraction among all B M predictors, indicat-
ing  that  road  density  does  not  universally  shape  feeder  behavior.
The strongest  negative  effects  (−0.823 to −0.696)  are  concentrated
in  outer  sections  of  Lines  2  and  12,  where  well-developed  road
systems support direct bus routes that reduce the need for interme-
diate  feeder  transfers.  Stations  along  Line  5  show  the  weakest

 

I RB→MTable 6.  Moran's  test for spatial autocorrelation ( ).

Variable IMoran's Expected index Z -score p-value Significance

Metro ridership 0.258069 −0.003279 10.05420 < 0.000001 ***
Distance to nearest bus stop 0.452975 −0.003279 17.57602 < 0.000001 ***
Distance to CBD 0.957835 −0.003279 36.96441 < 0.000001 ***
Population density 0.786053 −0.003279 30.08828 < 0.000001 ***
Tourist POI proportion 0.383708 −0.003279 15.59166 < 0.000001 ***
Road network density 0.646344 −0.003279 24.85657 < 0.000001 ***
Parking lot density 0.693274 −0.003279 24.90747 < 0.000001 ***

***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively; ns indicates not significant (p ≥ 0.10).

 

I RM→BTable 7.  Moran's  test for spatial autocorrelation ( ).

Variable IMoran's Expected index Z -score p-value Significance

Metro ridership 0.258069 −0.003279 10.05420 < 0.000001 ***
Distance to CBD 0.957835 −0.003279 36.96441 < 0.000001 ***
Parking lot density 0.693274 −0.003279 24.90747 < 0.000001 ***
Distance to nearest bus stop 0.452975 −0.003279 17.57602 < 0.000001 ***
Population density 0.786053 −0.003279 30.08828 < 0.000001 ***

***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively; ns indicates not significant (p ≥ 0.10).

 

RB→M

Table  8.  GWR  outperforms  OLS  in  explaining  bus-to-metro  transfer  rates
( ).

Model R2 R2Adj. AICc F -statistic p-value Significance

OLS 0.388 0.374 −438.513 26.992 < 0.000001 ***

GWRa 0.548 0.490 −486.286 – – –

F

***,  **,  and  *  indicate  statistical  significance  at  the  1%,  5%,  and  10%  levels,
respectively; ns indicates not significant (p ≥ 0.10);  '–'  indicates not applicable, as
the  GWR  model  does  not  report  a  global -statistic. a The  GWR  model  was
calibrated with an adaptive bandwidth of 191 neighboring features.

 

RM→B

Table  9.  GWR  outperforms  OLS  in  explaining  metro-to-bus  transfer  rates
( ).

Model R2 R2Adj. AICc F -statistic p-value Significance

OLS 0.303 0.291 −290.548 26.064 < 0.000001 ***
GWRa 0.497 0.418 −329.746 – – –

F

***,  **,  and  *  indicate  statistical  significance  at  the  1%,  5%,  and  10%  levels,
respectively; ns indicates not significant (p ≥ 0.10);  '–'  indicates not applicable, as
the  GWR  model  does  not  report  a  global -statistic. a The  GWR  model  was
calibrated with an adaptive bandwidth of 112 neighboring features.

https://doi.org/10.48130/dts-0026-0023
 

Li et al. Digital Transportation and Safety 2026, 5(3): 289−304   Page 297 of 304

https://doi.org/10.48130/dts-0026-0023
https://doi.org/10.48130/dts-0026-0023
https://doi.org/10.48130/dts-0026-0023
https://doi.org/10.48130/dts-0026-0023
https://doi.org/10.48130/dts-0026-0023


effects (−0.197 to −0.156), consistent with mature multimodal corri-
dors  where  additional  road  capacity  exerts  negligible  incremental
influence on transfer demand.

 Parking density
→Parking density consistently suppresses B M transfers across all

significant  stations,  with  local  coefficients  ranging  from −0.243  to

→
−0.109 and no sign reversal  (Fig.  6).  This variable exhibits the broa-

dest  spatial  coverage  of  significance  among  all  B M  predictors,

reflecting  its  systemic  role  as  a  competitor  to  bus  feeders  through

park-and-ride  substitution.  Suppression  is  strongest  (−0.243  to

−0.211) in suburban commuter belts served by Lines 1, 5, 7, and 12,

where  abundant  parking  supply  provides  a  convenient  alternative

 

Fig. 3  Local GWR coefficient of nearest bus stop distance on bus-to-metro transfer rates.

 

Fig. 4  Local GWR coefficient of metro ridership on bus-to-metro transfer rates.
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to  bus  access.  More  moderate  effects  (−0.129  to −0.109)  are
observed  along  northwestern  and  southeastern  corridors,  where
parking saturation has not yet reached levels sufficient to materially
divert bus ridership.

 Distance to the CBD

→
Distance to the CBD exhibits pronounced spatial heterogeneity in

its  effect  on  B M  transfers,  with  local  coefficients  ranging  from

−0.323  to  0.757  (Fig.  7).  A  large  cluster  of  inner-ring  stations  regis-

ters  as  statistically  insignificant,  suggesting  that  CBD  proximity

exerts  little  independent  influence  on  bus  feeder  demand  where

metro  access  is  already  highly  convenient  and  multimodal  alter-

natives  are  abundant.  Among  significant  stations,  the  pattern  is

predominantly  positive  and  strengthens  with  distance  from  the

center: peripheral stations along eastern and southeastern corridors

 

Fig. 5  Local GWR coefficient of road network density on bus-to-metro transfer rates.

 

Fig. 6  Local GWR coefficient of parking density on bus-to-metro transfer rates.
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record  the  strongest  positive  effects  (0.570−0.757),  where  greater
distance  from  the  CBD  is  associated  with  higher  reliance  on  bus
feeders for metro access. A small subset of stations returns negative
coefficients,  approximately  from −0.323  to  near  zero,  consistent
with  inner-city  locations  where  CBD-oriented  commuters  tend  to
access  metro  directly  without  bus  intermediation.  Taken  together,
these  results  confirm  a  clear  center-to-periphery  gradient:  bus

feeders become progressively more important as access trips origi-
nate further from the urban core.

 Spatial heterogeneity of metro-to-bus transfers

 Distance to the nearest bus stop

→
Bus-stop  distance  exerts  a  predominantly  negative  and  signifi-

cant effect on M B transfers across most of the network, with local

 

Fig. 7  Local GWR coefficient of distance to CBD on bus-to-metro transfer rates.
 

Fig. 8  Local GWR coefficient of distance to nearest bus stop on metro-to-bus transfer rates.
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coefficients  ranging  from −0.778  to  0.092  (Fig.  8).  The  strongest
negative effects (−0.778 to −0.426) are concentrated at outer subur-
ban  stations,  including  Xinzhuang  and  Lianhua  Road  on  Line  1,
Gucun Park and Meilan Lake on Line 7, and Jiading North on Line 11,
where  longer  and  less  convenient  transfer  environments  amplify
passengers'  sensitivity  to  walking  distance.  Central  stations  exhibit
weak negative or statistically insignificant effects, reflecting the high

walkability  and  dense  bus  coverage  of  inner-ring  areas.  A  small

number of inner-core stations, such as Lujiazui and People's Square,

register  near-zero  positive  coefficients  of  up  to  0.092,  consistent

with  highly  walkable  environments  where  bus-stop  proximity  has

minimal bearing on mode choice. These contrasts reinforce the case

for targeted last-mile improvements at suburban nodes.

 

Fig. 9  Local GWR coefficient of metro ridership on metro-to-bus transfer rates.

 

Fig. 10  Local GWR coefficient of parking density on metro-to-bus transfer rates.
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 Metro ridership
→

→

→

Metro  ridership  is  positively  associated  with  M B  transfer  rates
across  all  significant  stations,  with  local  coefficients  ranging  from
0.169  to  0.785  (Fig.  9).  The  coefficient  range  is  notably  wider  than
that  observed  for  B M  transfers  (0.094−0.353),  indicating  greater
sensitivity  in  the  egress  direction.  The  spatial  gradient  mirrors  the
B M  pattern:  inner-ring  stations  with  multiple  egress  alternatives
frequently fall below the significance threshold, while outer stations
along  Lines  7  and  9  show  the  largest  coefficients  (0.642−0.785),
where  rising  ridership  amplifies  demand  for  bus  dispersal  as  the
dominant  last-mile  option.  This  pattern  highlights  that  bus
frequency  and  capacity  planning  in  peripheral  corridors  should  be
closely calibrated to metro passenger volumes.

 Parking density

→

→

→

Consistent  with  the  negative  global  association  identified  in  the
OLS model,  parking density  shows a  negative local  effect  on M B
transfer rates at stations where the local coefficients are statistically
significant  (Fig.  10).  The  significant  local  coefficients  range  from
−0.533  to −0.161,  and  are  mainly  distributed  along  peripheral  and
suburban radial corridors, whereas most central stations are statisti-
cally  insignificant.  This  pattern  suggests  that  station  areas  with
higher  parking  provision  tend  to  be  more  automobile-oriented,
where  passengers  exiting  the  metro  may  be  more  likely  to  choose
non-bus egress modes,  thereby weakening M B transfer demand.
In  contrast,  dense  bus  coverage,  higher  walkability,  and  more
diverse  egress  options  in  central  areas  may  reduce  the  marginal
influence  of  parking  density.  Therefore,  parking  density  should  be
interpreted  as  a  spatially  localized  suppressive  factor  rather  than  a
uniform  determinant  of  M B  transfers.  This  finding  indicates  that
parking  management  and  feeder-bus  planning  should  be  coordi-
nated  according  to  station  location  and  function,  instead  of  apply-
ing a uniform network-wide policy.

→

This directional asymmetry in parking effects also resonates with
a parallel  line of  inquiry in Shanghai's  transfer  literature.  A study of
metro–bus transfer patterns across different station types in central
Shanghai  used  a  GTWR-RF  approach  that  first  clusters  stations  by
the  temporal  shape  of  their  transfer  ridership  before  estimating
built-environment  effects  within  each  cluster[26].  Although  this
method  characterizes  spatial  heterogeneity  through  station  typol-
ogy rather than continuous local coefficients, its central finding, that
built-environment  determinants  of  transfer  ridership  differ  syste-
matically  across  station  groups  rather  than  operating  uniformly
across  the network,  is  consistent  with the present  study's  evidence
that  parking  density's  effect  on  M B  transfers  is  not  a  fixed  city-
wide relationship but is concentrated in a specific subset of station
environments.  The  two  studies  thus  arrive  at  convergent  conclu-
sions through different modeling strategies: GWR's continuous local
coefficients  here,  and  cluster-conditioned  regression  elsewhere[26],
jointly  suggesting  that  station-type  or  location-conditioned  policy
design  is  more  appropriate  than  network-wide  parking  interven-
tions for managing metro–bus integration in Shanghai.

 Distance to the CBD

→

→

Distance  to  the  CBD  exhibits  clear  spatial  heterogeneity  in  the
M B  model,  with  significant  local  GWR  coefficients  ranging  from
−0.922 to 1.270 (Fig. 11). Positive effects are mainly observed along
peripheral  and  suburban  radial  corridors,  indicating  stronger
reliance  on  bus  egress  at  stations  farther  from  the  urban  core.  In
contrast, many central stations are statistically insignificant or show
weak/negative  effects,  likely  because  dense  bus  coverage,  better
walkability,  and  more  diverse  egress  options  reduce  the  marginal
role  of  CBD  distance.  Compared  with  the  B M  model,  the  wider
coefficient  range  suggests  that  CBD  distance  has  a  stronger
influence on last-mile egress than on first-mile access. These results
support targeted feeder-bus planning for peripheral stations where
distance from the CBD increases bus-based egress demand.

 

Fig. 11  Local GWR coefficient of distance to CBD on metro-to-bus transfer rates.
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 Conclusions

→ →

This study examined the spatially heterogeneous determinants of
directional  metro–bus  transfer  rates  in  Shanghai  by  integrating  1
month  of  smart  card  transactions  with  station-area  built-environ-
ment,  transit-service,  and  socio-demographic  indicators.  By  distin-
guishing  B M  access  transfers  from  M B  egress  transfers,  the
analysis  shows  that  metro–bus  integration  is  not  a  single  uniform
process,  but  a  direction-specific  and  location-dependent  travel
behavior.

R2 →
→

The  first  major  finding  is  methodological.  The  significant  spatial
autocorrelation remaining in the OLS residuals indicates that global
coefficients  are  insufficient  for  explaining  station-level  transfer
behavior.  After  applying  GWR,  residual  spatial  autocorrelation
becomes statistically  insignificant,  and model  fit  improves substan-
tially: the adjusted  increases from 0.374 to 0.490 for B M trans-
fers and from 0.291 to 0.418 for M B transfers. This confirms that a
considerable share of the variation unexplained by global models is
spatially structured rather than random.

Second,  the  results  reveal  a  clear  core–periphery  gradient.  In
peripheral corridors, metro ridership and distance to the CBD gene-
rally strengthen reliance on bus feeders or bus egress services, while
longer  distance  to  the  nearest  bus  stop  creates  stronger  deterrent
effects.  In central  areas,  many local coefficients are weak or statisti-
cally insignificant, reflecting dense bus coverage, higher walkability,
and more diversified access or egress options.  Thus,  the same built
environment  factor  may  differ  in  magnitude  and  statistical  signifi-
cance  across  urban  contexts,  and  variables  such  as  CBD  distance
may  even  exhibit  sign  changes  between  central  and  peripheral
areas.

→

→

→

Third,  the  two  transfer  directions  are  governed  by  related  but
asymmetric  mechanisms.  For  B M  transfers,  metro  ridership  and
CBD distance mainly increase feeder-bus dependence in outer areas,
while parking density,  road network density,  and bus-stop distance
generally suppress bus-based metro access where statistically signi-
ficant.  Tourist  POI  proportion  is  positively  associated  with  B M
transfers  in  the  global  model,  but  its  local  interpretation  is  limited
because  only  a  small  number  of  stations  show  statistically  signifi-
cant GWR coefficients. For M B transfers, metro ridership and CBD
distance also show stronger positive effects  in peripheral  corridors,
but  the  egress  direction  is  more  sensitive  to  CBD  distance,  with
significant local coefficients ranging from −0.922 to 1.270.

These findings clarify  the contributions of  the study.  Methodolo-
gically,  this  study  combines  OLS,  residual  spatial  autocorrelation
diagnostics,  GWR,  and  pseudo t-statistic  masking  to  distinguish
statistically  reliable  local  effects  from  insignificant  coefficient  varia-
tion.  Empirically,  it  provides  station-level  evidence  that  directional
metro–bus  transfer  rates  respond  differently  to  built-environment
and  service-related  factors,  demonstrating  that  access  and  egress
transfers  should  not  be  treated  as  a  single  aggregated  outcome.
Practically,  the  results  translate  spatially  varying  coefficients  into
differentiated planning priorities: improving bus-stop proximity and
pedestrian transfer conditions at suburban stations, aligning feeder-
bus  frequency  and  capacity  with  metro  ridership  in  peripheral
corridors,  and  coordinating  parking  management  with  bus-service
planning in automobile-oriented station areas.

Overall,  the  evidence  suggests  that  metro–bus  integration  in
megacities  should  be  planned  as  a  direction-specific  and  station-
context-specific system. Uniform citywide interventions are unlikely
to address the uneven geography of transfer demand; instead, poli-
cies  should  prioritize  peripheral  and  suburban  corridors  where

dependence  on  bus-based  first- and  last-mile  connections  is
strongest.

 Limitations, challenges, and future
work

Since  the  2015  study  period,  Shanghai's  first/last-mile  mobility
ecosystem  has  been  substantially  reshaped  by  dockless  bike-shar-
ing (from 2016 onward) and ride-hailing platforms. Three modifica-
tions  to  the  identified  patterns  are  anticipated.  First,  the  deterrent
effect  of  bus-stop  distance  is  likely  attenuated  in  central  districts
where  bike-sharing  provides  a  substitute  feeder  mode,  reinforcing
the  already  near-zero  central-core  coefficients.  In  peripheral  dis-
tricts,  where  bike-sharing  supply  remains  sparse,  the  sensitivity  of
transfer demand to bus-stop distance is expected to persist. Second,
the suppressive effect  of  parking density  on metro–bus transfers  is
likely amplified in suburban areas, where ride-hailing further substi-
tutes  for  bus  feeders.  Third,  the  overall  core–periphery  gradient  is
expected  to  persist  and  possibly  intensify,  as  shared  mobility  ser-
vices have themselves developed unevenly, concentrating in central
districts.  Taken  together,  emerging  mobility  modes  are  likely  to
modulate rather than overturn the patterns identified here.

While this study provides key insights into the spatial dynamics of
metro–bus  transfers,  its  limitations  highlight  several  promising
avenues for future research. Future research could extend this work
by  incorporating  high-resolution  mobility  datasets  such  as  mobile
phone signaling, GPS trajectories, and bike-sharing usage records to
move  beyond  metro–bus  transfers  and  capture  a  wider  range  of
multimodal  travel  behaviors.  Integrating  these  data  sources  would
enable a  more comprehensive representation of  first- and last-mile
connections  and  provide  richer  insights  into  urban  transport  inte-
gration.  Building  on  the  spatial  heterogeneity  identified  in  this
study,  further  refinement could be achieved through spatiotempo-
ral  extensions  such  as  multiscale  geographically  weighted  regres-
sion  (MGWR)  or  time-varying  GWR,  which  would  reveal  how  built-
environment  effects  on  transfer  behavior  evolve  across  different
times of  day,  weeks,  or  seasons.  While  the present  analysis  focuses
on spatial variation, incorporating the temporal dimension in future
work could uncover additional  dynamics and strengthen the appli-
cability of results to policy and planning.

→

→

Future  extensions  could  further  consider  more  flexible  spatial
modeling  frameworks,  such  as  mixed  GWR  or  geographically
weighted  LASSO.  Previous  station-level  ridership  studies  have
shown  that  allowing  coefficient  magnitude  or  variable  selection  to
vary spatially can improve model specification[31], while mixed GWR
suggests  that  some  built-environment  variables  may  be  better
modeled as globally constant and others as spatially varying[32]. This
refinement  is  relevant  to  the  present  study  because  all  retained
predictors were modeled as local  effects once they had passed the
multicollinearity  and  stepwise  screening  procedures.  Future  work
could  examine  whether  variables  with  relatively  narrow  coefficient
ranges,  such  as  metro  ridership  in  the  B M  model  (0.094–0.353),
should  be  treated  as  global  effects,  while  variables  with  stronger
local variation, such as CBD distance in the M B model (−0.922 to
1.270), should retain local flexibility.

Several  categories  of  variables  fall  outside  the  current  analytical
scope.  Transit  service  characteristics,  including  bus  headway,
schedule  coordination,  and  fare  structure,  directly  shape  transfer
disutility but were not consistently available for April 2015. Monthly
aggregation  suppresses  peak/off-peak  and  weekday–weekend
variation. Station-level data also obscure individual heterogeneity in
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income,  age,  and  travel  habits.  Finally,  intra-station  physical  condi-
tions,  such  as  covered  walkways  and  wayfinding  quality,  are  docu-
mented influences on transfer behavior but are not captured in our
station-attribute data.
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