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Abstract

The spatial heterogeneity of the electric bike-sharing (EBS) travel demand in small and
medium-sized cities is influenced by a combination of the built environment, socio-
economic gradients, transportation accessibility, and residents’ travel behavior patterns,
and is significantly different from the shared travel characteristics of developed cities. In
order to explore the influencing mechanisms of the EBS travel demand under different
travel distance scales in small and medium-sized cities, this paper utilizes multi-source
data from Tongxiang, Zhejiang Province, including operational data of EBS and built envi-
ronment data. This paper analyzes the impact of the built environment on the EBS travel
demand and its spatial heterogeneity across various distance scales from a local perspective.
The results demonstrate that the fit of the multiscale geographically weighted regression
(MGWR) model is superior to that of the geographically weighted regression (GWR) and
the ordinary least squares (OLS) model. The explanatory variables exhibit significant spa-
tial heterogeneity in their influence on the demand for EBS trips across different distance
scenarios. The density of primary roads demonstrates a positive correlation with EBS travel
demand in the western urban core area, but it is negatively correlated with travel demand
in the eastern urban core area. Accommodation services show a negative correlation with
long-distance EBS travel demand in the urban core area and the northern city, but they are
positively correlated with short-distance EBS travel demand in the urban core area. There is
competition between long-distance EBS and public transportation in city centers. However,
short-distance EBS and public transportation exhibit a complementary relationship in the
urban periphery. The research findings are beneficial for gaining a deeper understanding of
the patterns of change in the EBS travel demand and promoting the refined and sustainable
development of shared transportation.

Keywords: electric bike-sharing; travel behavior; spatial heterogeneity; influential factors;
built environment; small and medium-sized city
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1. Introduction
Urban transportation is a significant source of energy consumption and greenhouse

gas emissions and is also a critical area for urban environmental pollution and for pro-
moting sustainable development. In the context of increasing global pressure to reduce
carbon emissions, urban transportation systems are rapidly transitioning toward greener,
low-carbon models, and there is a broad consensus that electric bike-sharing (EBS) can ease
urban traffic congestion while achieving energy savings and emission reductions [1]. As
a new travel mode, EBS has become a frequent choice for many urban residents because
of its many features, such as low cost, flexibility, convenience, and low carbon emissions.
Statistics from the China Urban Public Transport Association show that, by July 2024,
more than 300 cities across the country had launched EBS services, with over 15 million
e-bikes in operation and more than 200 million users, generating tens of millions of or-
ders per day. EBS not only helps to alleviate urban traffic congestion but also effectively
complements the insufficiencies of public transportation accessibility, making it an im-
portant mode of transport for short-distance travel. At the same time, it significantly
encourages and promotes green travel among urban residents and helps to address urban
motorization issues.

EBS’s development modes and demand characteristics in small and medium-sized
cities show outstanding differences compared to those in large cities. For example, existing
studies have shown that in Qujing city, compared with Kunming city, the travel distance is
shorter, and the usage rate of public transportation is lower. Residents in remote areas still
rely heavily on private cars to meet long-distance travel needs, while electric bicycles play
an important role in both local and regional travel [2]. Unlike large cities, which have well-
developed infrastructure, dense road networks, and mature transportation systems, small
and medium-sized cities often exhibit a monocentric sprawling pattern. Although the urban
areas continue to expand outward, functional zones such as employment, commerce, and
residential areas are distributed sparsely, and the demand for medium-to-short-distance
travel is prominent. Meanwhile, transportation facilities, public transit accessibility, and
income levels are relatively low, making EBS a major choice for short-distance travel [3].
This results in the EBS demand showing a spatial differentiation pattern compared to
that in traditional developed cities. Small and medium-sized cities are characterized by
small spatial scales, single-center agglomeration, close work–residence relationships, and
convenient commuting [4,5]. In contrast, developed cities often have multiple urban centers
with high degrees of land use mixing, where a single area can integrate multiple func-
tions such as work, residence, commerce, entertainment, education, and healthcare [6,7].
Moreover, the continuous expansion of small and medium-sized cities has exacerbated the
supply and demand imbalance of EBS. From the perspective of travel distance scale, the
demand for short-distance ECS trips tends to cluster in the city center and is more likely to
replace bicycles and walking. In contrast, the demand for longer-distance trips is scattered
in the peripheral areas of the city, leading to a loss of passenger flow from traditional
taxis and public transportation. Therefore, the travel characteristics of EBS in small and
medium-sized cities and the impact mechanisms of the built environment on their use
cannot directly draw on the research conclusions of EBS travel in large cities. However, the
vast majority of current studies on the impact of the built environment on the EBS demand
focus on large or developed cities. Due to the essential differences in spatial structure,
transportation systems, and travel behavior between small and medium-sized cities and
large cities, the research conclusions from large cities are difficult to directly apply and
promote. More importantly, the impact of the built environment on the EBS demand may
exhibit significant spatial heterogeneity. How this heterogeneity is specifically manifested
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at different travel distances remains a key issue that has not been fully explored in the
context of small and medium-sized cities, forming an important research gap.

This paper aims to reveal the influencing factors and spatial heterogeneity of the EBS
travel demand in small and medium-sized cities under different travel distance scales.
Compared with existing studies, the innovations and contributions of this research are
mainly reflected in the following three aspects: (1) Based on the actual operation order data
of EBS in Tongxiang City in July 2024, the travel data is clearly divided into long-distance
and short-distance groups using the median of riding distance (1.66 km) as the threshold,
and the demand characteristics and influencing mechanisms of each group are explored
separately. Not only does this ensure the balance of sample size, but more importantly, it
effectively distinguishes the rigid long-distance demand mainly for commuting and the
elastic short-distance demand mainly for short-distance connection, providing a method-
ological basis for accurately identifying the key driving factors of various travel demands.
(2) Current shared travel studies mostly focus on large or developed cities, and their conclu-
sions are difficult to directly apply to small and medium-sized cities, which have significant
differences in spatial structure, transportation facilities, and development stages. Taking
Tongxiang City, a typical small and medium-sized city, as a case, this paper systematically
reveals the EBS travel patterns under the characteristics of its monocentric structure, close
job–residence relationship, and the public transportation system still in development. It can
provide refined deployment strategies for EBS companies in other small and medium-sized
cities, help improve service efficiency and optimize corporate operation strategies. (3) The
MGWR model is adopted to overcome the limitations of traditional OLS and GWR models,
allowing different variables to play their roles at their optimal spatial scales, thereby more
accurately identifying the key influencing variables affecting the EBS travel demand.

2. Literature Review
2.1. Characteristics of the EBS Travel Demand Based on Questionnaire Surveys

Utilizing the data obtained from questionnaires surveys to analyze the EBS and bike-
sharing (BS) travel behavior, this method can analyze travel patterns from the perspectives
of user characteristics, travel purposes, and psychological preferences. Tang et al. [8]
constructed structural equation models for the E-TPB and the O-TPB based on a self-
reported survey of over 2000 EBS users in Shanghai. The model results indicate that
the willingness of riders to violate traffic regulations and their accident proneness are
influenced by descriptive norms, conformity tendencies, and past behavior. Li et al. [9]
examined the willingness of residents in Meizhou, a small and medium-sized city, to
use EBS based on the extended theory of planned behavior. The analysis of data from
751 respondents shows that personal attitudes, subjective norms, and perceived behavioral
control all have significant positive effects on the intention to use it. Li et al. [10] constructed
a structural equation model based on online survey data from 313 EBS users in Ningbo.
The results indicated that over 60% of users utilized EBS during morning and evening
rush hours. Additionally, 69.33% of the orders had travel distances between 1 km and
4 km, with an average travel distance of 3 km. Campbell et al. [11] established a polynomial
logistic regression model based on 623 survey data entries from Beijing. The study revealed
that BS is primarily used for short-distance travel, while EBS is more suitable for medium-
to long-distance travel. The travel characteristics of EBS are closer to those of private
electric bicycles. The user group mainly consists of young to middle-aged men, and
users with low income and low education levels are more inclined to use EBS for travel.
Chen et al. [12] classified users using the K-means clustering method based on 624 survey
questionnaires from Nanjing. They investigated the attitudes and behavioral characteristics
of Nanjing residents towards dockless BS. The results showed that the main reasons for
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users choosing BS are the convenience of picking up and returning bikes, easy payment,
and low cost. Additionally, users have a strong demand for adding parking areas around
subway stations and residential communities. Yang et al. [5] used 500 survey questionnaires
from Xuchang to explore the travel characteristics of BS in small and medium-sized cities.
The analysis pointed out that due to the small city size and simple road conditions, a high
proportion of short-distance travel by residents leads them to choose BS instead of walking
or private bicycles, making BS one of the main commuting modes in small and medium-
sized cities. Li et al. [13] used a binary logistic model to study the factors influencing BS
travel behavior based on 30,401 valid questionnaires from Nanjing. Their results indicated
that the travel demand gradually decreases from the city center to suburbs, while the
demand increases significantly in areas with a high concentration of universities. Studies
based on surveys generally analyze travel characteristics of shared micro-mobility from
environmental conditions, user demographics, and travel attributes, but fail to consider
the impact of the built environment on travel factors. Ning et al. [14] conducted a study
to explore the differences in the choice preferences for bicycle-sharing modes between
urban and suburban travelers. They collected 810 valid questionnaires in Nanjing and
established random parameters logit models based on the data. The study found that
the riding distance is the key factor dominating the choice: for connections within the
range of 800–1500 m, BS are the preferred choice; while for connections within the range
of 2500–4000 m, travelers are more inclined to use EBS, a phenomenon that is particularly
evident in suburban areas.

2.2. Spatial Heterogeneity Analysis of Micro-Mobility Travel Based on Multi-Source Data Sharing

Analyzing the influencing factors and spatial heterogeneity of the BS travel demand
through multi-source data can effectively quantify the impact of factors such as road
infrastructure, the built environment, and urban structure, providing a comprehensive
understanding of their effects on travel behavior. He et al. [15] established a Poisson
regression model based on historical travel data from EBS in Park City, Utah. Their study
found that in tourist cities, young people, middle-aged people, and tourists are more likely
to use EBS. In addition, entertainment venues and sightseeing are the main purposes
of using EBS, rather than commuting to work. Li et al. [4] used kernel density models
and spillover commuting models for analysis based on the real-time GPS data of EBS in
Tengzhou city. The research results indicated that areas with bus terminals, city squares,
and government institutions were positively correlated with the use of EBS. In contrast,
rural areas were negatively correlated with the use of EBS. Based on the trip data of EBS
in Zurich, Guidon et al. [16] used a spatial autoregressive model to explore the impact of
spatial characteristics on the demand for EBS. The results showed that the demand for EBS
trips was positively correlated with population density, bus stop density, and workplace
density. Moreover, areas with a high concentration of bars and restaurants significantly
increased the demand for trips during the night and on weekends. Ma et al. [17] analyzed
the differences in travel characteristics between docked and dockless BS systems using
order data, population density, and GDP. The results showed that dockless bicycles have
a higher usage rate in the city center, while docked bicycles are more concentrated in the
western part of the city where docking stations are densely located. Lang [18] analyzed the
impact of BS on public transportation using BS order data, bus passenger data, and points of
interest (POIs) data. The study found that within a 3 km travel range, users tend to choose
BS as an alternative to buses, with the substitution willingness gradually decreasing as the
distance increases. Shi et al. [19] constructed a geographically and temporally weighted
regression model using one month of EBS order data from Kunming. Their study found
that the number of leisure and entertainment POIs was positively correlated with the usage
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rate of EBS throughout the day. During the morning peak period, the EBS usage in areas
with company and business distributions showed significant increases, and residents living
closer to work areas were more likely to use EBS for short-distance commuting.

To further examine the spatial heterogeneity of influencing factors, scholars have
begun to study shared micro-mobility by building geographically weighted regression
models. Gou [20] used GWR, GTWR and MGWR models to study the impact of the built
environment on the passage of EBS. The results showed that government institutions have
a positive impact on EBS travel during non-peak hours, while entertainment and leisure
venues only significantly affect travel during morning peak hours. Bus stops showed a
positive correlation with EBS travel only during the morning peak period. Zhu et al. [21]
developed a new model framework that integrates XGBoost and GTWR to address the
issue of ignoring spatiotemporal heterogeneity in machine learning methods. Taking
Hefei City as an example, they used the integrated model to study the impact of the built
environment on the travel of BS and EBS. The results show that the demand for BS use
is mainly concentrated in the urban area, while the demand for EBS use is more evenly
distributed throughout the city. Chen [6] constructed GWR and MGWR models to analyze
the order data from BS and EBS in Manhattan, New York City. The study found that
for travel distances over 2 km, the proportion of users choosing EBS was significantly
higher than for BS. Additionally, areas with concentrations of commercial and financial
facilities promoted the demand for shared travel, while areas with dense cultural facilities
suppressed the use of shared services. Bus stations had a more significant positive impact
on EBS than on BS. Li et al. [7] constructed OSL and GWR models to explore how the built
environment and population characteristics affect the use of BS. The results showed that
public transportation stations, population density, POI mix, and commercial and residential
areas significantly promoted the demand for BS. Tang et al. [22] established a cross-city
GWR model to study the impact of the built environment on the travel demand of BS. The
results showed that travelers preferred to ride BS to restaurants, parks, shopping centers,
and other leisure areas. The impact of specific points of interest such as financial institutions,
government agencies, and medical services on the travel demand varied significantly due
to differences in infrastructure, population density, and cultural factors among cities.

In summary, scholars have conducted some research on EBS travel behavior character-
istics and their influencing factors and have begun to focus on how the built environment
affects the EBS travel demand. However, existing research has obvious regional limitations.
On one hand, studies are mainly concentrated in developed or specific first-tier cities,
whose road facilities, urban structure, resident travel behaviors, and travel habits differ
from those in small and medium-sized cities, making it difficult to fully apply the research
results. On the other hand, research has not yet explored travel demand across different
spatial scales, and the factors affecting short- and long-distance travel have certain differ-
ences in their spatial scope of influence. Based on this, this paper relies on multi-source
data from Tongxiang City to reveal the influencing factors of the EBS travel demand at
different distance scales, both globally and locally. First, OLS and GWR models are used to
identify the significant explanatory variables that affect travel demand. Then, a multi-scale
geographically weighted regression (MGWR) model is used to analyze the influencing
factors of travel demand at different distance scales and their spatial heterogeneity. The
research results will provide theoretical insights for achieving supply–demand balance for
EBS at different distance scales in small and medium-sized cities.
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3. Data
3.1. Survey Area

Tongxiang City is located in the northern part of Zhejiang Province with a very
advantageous geographical location. It is situated 131 km to the east of Shanghai,
74 km to the north of Suzhou, and 65 km to the west of Hangzhou, within the economic
circles of Shanghai, Hangzhou, and Suzhou. The total area of Tongxiang City is 727 km2,
which includes eight towns and three sub-districts under its jurisdiction (Figure 1). The
registered population of Tongxiang City is 721,600 people. According to data from the
People’s Government of Tongxiang City in 2025, the GDP of Tongxiang City in the first
half of the year was 65.754 billion yuan. Tongxiang City is a county-level city under the
administration of Jiaxing City. Among the counties and districts under the jurisdiction
of Jiaxing City, Tongxiang City ranks second in economic output, indicating that it is an
important and economically active county-level city. Its superior administrative unit, Jiax-
ing City, is a prefecture-level city of medium standing in Zhejiang Province, ranking fifth
in GDP among the 11 prefecture-level cities in Zhejiang Province. Typically, developed
cities have a tertiary industry that accounts for more than 70% of GDP. However, data
from the People’s Government of Tongxiang City shows that the proportion of the tertiary
industry in Tongxiang City’s GDP is only 54.3%. Therefore, there is a significant difference
between Tongxiang City’s GDP and that of developed cities. According to the data from
2024, Tongxiang City has a total of 35 urban bus routes, 4000 public bicycles in operation
within the city, 8000 e-bikes deployed, and an average daily rental volume of over 27,000.
This indicates that EBS occupies a vital and important position in the local transportation
system and in residents’ travel modes. In addition, the region currently does not have
a rail transit system. Tongxiang city has not yet met the criteria of developed cities, and
its characteristics can be more widely applied to the many emerging prefecture-level or
county-level cities in China with similar patterns, avoiding the bias brought by the par-
ticularity of extreme cases. Therefore, conducting research on EBS in this area has great
reference value for understanding shared travel in small and medium-sized cities.

 
Figure 1. The location of Tongxiang City. (a) The geographical location of Zhejiang Province in China;
(b) The geographical location of Tongxiang City in Zhejiang Province; (c) Map of Tongxiang City.
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3.2. Data Processing

The data were obtained from the operation order data of EBS in Tongxiang City in
July 2024, including the order ID, vehicle number, latitude and longitude coordinates of
the origin and destination, the start and end times of the order, and the travel distance.
The data were filtered by vehicle type, and orders with abnormal data, such as a travel
distance of 0, were removed, as well as orders involving vehicle return failures. After data
preprocessing, there were 214,355 valid records.

In order to analyze the influencing factors of EBS travel demand, multi-source data
for the study area were collected, including road networks, population, and POI (Points
of Interest) data. The road network data were obtained from the historical data of Open-
StreetMap, which has been used in previous studies to quantify road-related elements
and has demonstrated good reliability [23]. The population data are derived from the
2023 China Population Grid Database provided by the Oak Ridge National Laboratory
in the United States, with a spatial resolution of 1 km. The POI data were obtained from
the Gaode Map Open Platform via the Amap application programming interface (API)
using Python 3.9.7, with the longitude and latitude of each POI included in the dataset.
The study selected 13 types of POIs for analysis, including catering services, corporations,
shopping services, financial services, cultural and educational services, living services,
sports and leisure services, medical services, government agency, accommodation services,
commercial residences, tourist services, and public transportation. Multiple studies have
employed the aforementioned types of POI data to investigate shared micro-mobility trips,
demonstrating their reliability in revealing the impact of the built environment on travel
demand [6,7]. To provide a reasonable scale reference for the spatial analysis of long- and
short-distance EBS demand, a grid cell of 0.5 km × 0.5 km was drawn in the study area,
and multi-source data were matched spatially with grid cells using ArcGIS 10.8 software.

Based on the processed data, a distribution histogram of cycling distances was plotted.
Since most cycling distances were below 10 km, the histogram was truncated at 10 km for
clearer visualization. Figure 2a shows the frequency distribution of the riding distance of
EBS in different intervals. The height of the blue bars represents the relative density of the
number of rides within that distance interval. The red solid line covering the histogram is a
theoretical distribution curve fitted based on actual data. The blue solid line in Figure 2b
is the probability density curve of the riding distance, and the total area enclosed by the
curve represents a probability of 1. As shown in Figure 2a,b, the median travel distance
is 1.66 km. The 33rd and 25th percentiles are densely distributed to the left of 1.66 km,
while the 75th and 90th percentiles are to the right. Since grouping by the median does not
require a normal distribution of data, it is more representative of skewed distributions and
is not affected by extremely large or small outliers. The median reflects the central tendency
of the data. Using the median as a boundary to divide short and long-distance travel
can more accurately represent the travel patterns of the majority of users. Dividing short
and long-distance travel by the median also helps ensure the number of samples in each
group, providing sufficient data support for the study, reducing the impact of randomness,
and enhancing the power of statistical tests, making the differences between groups more
significant. Additionally, research has shown that for the vast majority of travel purposes,
when the travel distance exceeds 1 mile (approximately 1.6 km), the primary alternative
modes shift from walking to bicycles, public transportation, or motorized vehicles [24].
Therefore, using 1.66 km as a threshold can effectively distinguish between short-distance
travel primarily aimed at replacing walking and medium-to-long-distance travel targeting
longer distances. This definition is well-founded in both statistical and behavioral science.
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(a) Histogram of cycling distance distribution. 

 

(b) Key quantities of cycling distance. 

Figure 2. Histogram of the distribution of cycling distances.

In terms of the temporal distribution of demand (Figure 3a,b), long-distance travel
is highly concentrated during the morning and evening rush hours, demonstrating that
it is mainly used to meet rigid commuting needs. The proportion of short-distance travel
demand during the daytime is relatively stable, indicating that it is mainly used for short-
distance connections and non-commuting purposes. The proportion remains high even
at night, showing stronger adaptability throughout the day. Therefore, to analyze the
differences in demand under different travel distances, this study uses 1.66 km as the
median threshold to divide travel into two groups: long-distance and short-distance. This
division ensures a balanced sample size while effectively distinguishing between the
rigid demand mainly for commuting and the elastic demand mainly for short-distance
connections, facilitating subsequent comparative analysis.
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(a) Distribution of absolute demand. 

 
(b) Distribution of demand proportion. 

Figure 3. The temporal distribution of cycling demand.

3.3. Variable Selection

In order to study the travel demand of EBS at different distance scales, the order vol-
umes of short- and long-distance trips were taken as the dependent variables, which were
obtained by counting the number of orders in each grid cell. At the same time, considering
that various environmental factors affect the travel situation of EBS, 17 environmental
variables were selected to explain short and long-distance travel, including 13 types of
points of interest, 3 levels of road network density, and population density data. These
variables have been verified in previous studies and have good explanatory power in
studying the impact of the built environment on travel demand [6,7,20]. Existing studies
have already examined various influencing variables on the use of EBS or BS, as shown
in Table 1.
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Table 1. Variable source.

Variables Main References

Road Network Indicators
Primary roads Chen et al. (2025) [25]
Secondary roads Chen et al. (2025) [25]
Tertiary roads Chen et al. (2025) [25]
Land Use Indicators
Population density Felix et al. (2025) [26]; Wu et al. (2021) [23]; Chen et al. (2025) [25]

Catering services Wu et al. (2021) [23]; Chen et al. (2025) [25]; Lang et al. (2023) [18];
Gou et al. (2025) [20]

Corporations Wu et al. (2021) [23]; Chen et al. (2025) [25]; Li et al. (2020) [7]; Shi et al.
(2024) [19]

Shopping services Wu et al. (2021) [23]; Li et al. (2020) [7]; Lang et al. (2023) [18]
Financial services Li et al. (2020) [7]; Tang et al. (2024) [22]; Gou et al. (2025) [20]
Culture and educational services Li et al. (2020) [7]; Chen et al. (2023) [6]; Gou et al. (2025) [20]
Living services Lang et al. (2023) [18]; Shi et al. (2024) [19]; Gou et al. (2025) [20]
Sports and leisure services Gou et al. (2025) [20]; Ma et al. (2020) [17]

Medical services Chen et al. (2025) [25]; Li et al. (2020) [7]; Tang et al. (2024) [22]; Gou et al.
(2025) [20]

Government agency Chen et al. (2025) [25]; Li et al. (2020) [7]; Chen et al. (2023) [6]; Tang et al.
(2024) [22]

Accommodation services Li et al. (2020) [7]; Lang et al. (2023) [18]; Gou et al. (2025) [20]
Commercial residences Chen et al. (2023) [6]; Tang et al. (2024) [22]
Tourist attractions Chen et al. (2025) [25]; Li et al. (2020) [7]
Public Transport Indicators

Ground public transport Wu et al. (2021) [23]; Chen et al. (2025) [25]; Chen et al. (2023) [6];
Tang et al. (2024) [22]

These variables were classified into three types: road network indicators, land use
indicators, and public transportation indicators. Among them, the density of the road
network was obtained by calculating the ratio of the road length to the grid area within
each grid. Population density was obtained by calculating the ratio of the population
number to the grid area within each grid. The indicators for POIs and public transportation
were represented by the number of various types within the computing grid. Descriptive
statistics of the variables used in the study are shown in Table 2.

(1) Road network indicators

Roads, as the carriers of transportation, and road density determine the service cov-
erage of EBS. The grade of roads also affects the safety of travel. Therefore, road network
indicators influence the use of EBS.

(2) Land use indicators

The use of EBS is closely related to the population base and socio-economic activities.
Population density, to some extent, determines the amount of demand for EBS use. The
number and types of POIs can also reflect the local commercial vitality, social life, and
public services.

(3) Public transport indicators

As a mode of transportation, EBS is directly affected by other public transportation
facilities. Generally, in areas with more developed public transportation, the usage of EBS
will correspondingly decrease. This study selects the number of bus stops to reflect the
quality of public transportation and investigates its impact on the travel of EBS.
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Table 2. Descriptive statistics of variables.

Variables Description Average Std Min Max

Dependent Variables
LDT The number of long-distance trips 23.92 114.33 0 2063
SDT The number of Short-distance trips 23.92 140.01 0 3652

Road Network Indicators
Primary roads Trunk road density (km/km2) 0.50 1.46 0 14.55
Secondary roads Secondary road density (km/km2) 0.36 1.11 0 12.47
Tertiary roads Branch density (km/km2) 1.68 1.88 0 13.95

Land Use Indicators
Population density Population density (people/km2) 822.85 493.48 0 6416

Catering services The number of POIs of catering
service facilities 2.06 8.65 0 152

Corporations The number of POIs of the
company enterprise 2.34 5.80 0 71

Shopping services Number of shopping service
facility POIs 4.93 19.58 0 420

Financial services Number of POIs for financial
services facilities 0.12 0.72 0 11

Culture and educational
services

The number of POIs of educational
and cultural service facilities 0.34 1.27 0 24

Living services Number of POIs for life service
facilities 1.74 6.60 0 79

Sports and leisure services Number of POIs for leisure
service facilities 0.37 1.59 0 42

Medical services Number of POIs in medical facility 0.41 1.73 0 22

Government agency The number of POIs of
government units 0.60 2.02 0 28

Accommodation services Number of POIs for hotel
accommodation facilities 0.62 5.61 0 148

Commercial residences The number of residential POIs in
the community 0.33 1.06 0 12

Tourist attractions The number of POIs of attraction
service facilities 0.12 1.21 0 47

Public Transport Indicators
Ground public transport Number of bus stops 0.30 0.61 0 7

4. Methods
4.1. Theoretical Framework

The demand for EBS travel is a rational choice made by travelers based on improved
accessibility, under the constraints of urban spatial structure. The impact of different built
environment elements (such as urban structure, land use, and POI distribution) exists at
different spatial scales, including macro, medium, and micro levels. This theoretically
explains the root of spatial heterogeneity. The differentiation of travel behavior between
long and short distances is essentially the result of the differential effects of the built
environment under different spatial heterogeneity conditions. Based on the above analysis,
a theoretical framework has been constructed, as shown in Figure 4.
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Figure 4. Theoretical framework diagram.

The framework starts with the built environment at multiple spatial scales. At the
micro scale, it focuses on the impact of POI distribution and bus stop density. At the
medium scale, it pays attention to urban functional zoning. At the macro scale, it is based
on the characteristics of small and medium-sized tourist cities. The built environment
features at all these scales together form the basis of influence. These environmental
factors ultimately affect the travel behavior of EBS through the dual effects of behavioral
decision-making and the spatial interaction theory, which is specifically manifested in the
differences in choices between long-distance and short-distance travel. To accurately reveal
the complex impact of the built environment at multiple spatial scales on the demand for
EBS trips within the above theoretical framework, this study employs the MGWR model
for empirical testing.

4.2. Spatial Autocorrelation

Spatial autocorrelation reflects the correlation between observations of the same vari-
able at different spatial locations. The fundamental concept of spatial autocorrelation is that
data values at spatially adjacent or close locations may exhibit some degree of dependence
or similarity, which tends to diminish or vanish as the distance increases. To assess the
overall spatial association patterns of the influencing variables within Tongxiang City, and
to examine whether the spatial data show a tendency towards clustering or dispersion, as
well as the strength and significance of such trends, it is necessary to conduct a comprehen-
sive measurement of the spatial data across the entire study area. Therefore, global spatial
autocorrelation is employed.

The range of Moran’s I statistic is [−1, +1], which can determine whether the variable
has spatial autocorrelation and the degree of spatial autocorrelation [27]. When the Moran’s
I statistic is positive, it indicates the spatial clustering of the variable; when it is negative,
it indicates the spatial dispersion of the variable; and when close to zero, it indicates a
random spatial distribution of the variable. The mathematical expression of Moran’s I is
as follows:

I =

n
n
∑

i=1

n
∑

j=1
wij(xi − x)

(
xj − x

)
n
∑

i=1
(xi − x)2 n

∑
i=1

n
∑

j=1
wij

(1)

where xi represents the observation of the i-th region, which is the quantified influencing
factor in this study. n is the total number of regions, in this study is the number of influenc-
ing factors, and wij is the spatial weight matrix constructed based on the observations.

4.3. Regression Model

To evaluate the factors influencing short- and long-distance travel, this study estab-
lished three regression models: the Ordinary Least Squares (OLS) model, the Geograph-
ically Weighted Regression (GWR) model, and the Multiscale Geographically Weighted
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Regression (MGWR) model. The adjusted R2 and AICc values of the three models were
compared to select the most suitable model for in-depth exploration in this study. OLS is a
fundamental regression analysis method in statistics. Its core idea is to minimize the sum of
squared residuals, thereby fitting a straight line that is the closest to the target relationship
and obtaining the regression coefficients. In this study, it is used to calculate the regression
coefficients of the short- and long-distance travel situations and influencing factors. In
the OLS model, it is assumed that the relationship between the dependent variable and
the independent variable is at a fixed ratio. However, if the actual relationship is a more
complex nonlinear relationship, the fitting degree will be poor. Its mathematical expression
is as follows:

Yi = βi0 +
m

∑
n=1

βinXin + εi (2)

where i represents the i-th grid cell; Yi represents the dependent variable of the i-th grid
cell; Xin is the n-th independent variable; βi0 denotes the intercept term; βin denotes the
regression coefficient of the n-th influencing factor; m represents the number of grid cells;
εi denotes the error term of the i-th grid.

Before establishing the regression models, it is necessary to conduct multicollinearity
tests on the variables and remove those with extremely strong correlations with other
explanatory variables to avoid issues such as unstable model coefficient estimates, invalid
t-tests, and reduced prediction accuracy caused by multicollinearity [28]. To quantify the
degree of collinearity between variables and capture complex collinearity relationships,
this study uses the Variance Inflation Factor (VIF) to address multicollinearity among the
factors influencing short- and long-distance travel. This indicator is generally considered
to indicate severe multicollinearity when it exceeds 5 [29]. In this study, variables with VIF
values greater than 5 were first removed, followed by running the OLS model to exclude
variables with poor significance levels [30]. The formula for calculating VIF is as follows:

VIF =
1

1 − Ri
2 (3)

where Ri
2 is the negative correlation coefficient of the regression analysis of the indepen-

dent variable xi against the other independent variables. In this study, it is the negative
correlation coefficient obtained from the regression analysis of a certain indicator against
the other independent variables.

Compared to the traditional OLS model, the GWR model allows parameters to change
locally, enabling the relationships between variables to vary with geographical location.
It can reflect overlooked local characteristics and also permits spatial non-stationarity in
spatial assumptions. It can effectively interpret the spatial variation relationship patterns
and address the issue of spatial heterogeneity. Its mathematical expression is as follows [31]:

Yi = βi0(ui, vi) + ∑
k

βik(ui, vi)Xik + εi (4)

where i denotes the i-th grid cell, Yi denotes the dependent variable for the i-th grid
cell, (ui, vi) are the geographic coordinates of the i-th grid cell, Xik is the k-th explanatory
variable of the i-th grid cell, βi0(ui, vi) represents the intercept for the i-th grid cell, βik(ui, vi)

represents the regression coefficient of the k-th explanatory variable for the i-th grid cell,
and εi represents the error term for the i-th grid.

Although the GWR model has improved the issue of constant global parameters, all
independent variables still use the same bandwidth. To address this drawback, this study
attempts to make improvements on the GWR model and establish the MWGR model to
achieve more accurate experimental results. The MGWR assumes that the spatial scales of
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all local coefficients can be different and uses the optimal bandwidth for each explanatory
variable for regression, significantly reducing the risk of overfitting and clearly separating
multi-scale effects. Its mathematical expression is as follows [32]:

Yi = βbw0(ui, vi) + ∑
k

βbwk(ui, vi)Xik + εi (5)

where βbw0(ui, vi) represents the regression constant for the i-th grid cell under the bw0
bandwidth condition, βbkw(ui, vi) represents the regression coefficient for the k-th explana-
tory variable in the i-th grid cell under the bwk bandwidth condition, and εi represents the
error term for the i-th grid.

5. Model Results
5.1. Multicollinearity Tests and Spatial Autocorrelation Tests

To address the issue of multicollinearity among the explanatory variables, a Pearson
correlation coefficient test was first conducted on 16 independent variables. It was found
that the correlation coefficients between the explanatory variable “Catering Services” and
“Shopping Services”, “Living Services”, and “Medical Services” were 0.71, 0.85, and 0.72,
respectively; between “Living Services” and “Shopping Services”, “Medical Services”,
and “Sports and Leisure Services”, the correlation coefficients were 0.71, 0.78, and 0.62,
respectively. At the same time, the VIF values of each explanatory variable are obtained by
using the least squares regression. Secondly, a global autocorrelation test was conducted.
The results of the Moran’s I test are shown in Table 3. Through stepwise regression, seven
independent variables were selected, with all their VIF values being less than 5, indicating
that there is no multicollinearity among these explanatory variables [26]. The P-values
of each variable are all less than 0.05, and the Z-values are all positive, indicating that
these variables have significant spatial correlation and agglomeration. The results of the
multicollinearity test and spatial autocorrelation test for seven independent variables are
shown in Table 3.

Table 3. Multicollinearity test and spatial autocorrelation test.

Variables Long-Distance Short-Distance Spatial Autocorrelation

Coef. VIF Coef. VIF Moran’s I Z-Score p-Value

LDT 0.540 49.250 0.000
SDT 0.461 42.711 0.000
Shopping services −0.546 2.372 −1.473 2.359 0.616 56.413 0.000
Cultural and
educational services 9.879 1.719 4.807 1.704 0.440 40.094 0.000

Sports and leisure services 10.535 2.450 8.483 2.447 0.384 35.357 0.000
Commercial residences 28.737 1.753 19.274 1.745 0.608 55.074 0.000
Accommodation services −1.921 1.493 2.578 1.495 0.574 53.934 0.000
Bus stops 29.261 1.242 42.417 1.246 0.263 23.777 0.000
Trunk road density 19.035 1.137 11.298 1.142 0.395 35.701 0.000

5.2. Comparison of Model Results

To demonstrate the superior performance of the MGWR model, GWR and MGWR
models were established for 17 explanatory variables with LDT and SDT as dependent
variables, respectively, and the model fit was assessed through four diagnostic indicators.
The relevant results are shown in Table 4. Among them, the smaller the AICc value, and
the higher the R2 and R2Adj values, the better the model’s fitting performance, and the
more capable it is of describing the spatial heterogeneity of the EBS travel demand. In the
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model for long-distance demand, the R2 value of the MGWR model increased by 0.24 and
0.153, respectively, compared to the GWR and OLS models; the adjusted R2 value increased
by 0.195 and 0.137, respectively, compared to the GWR and OSL models; the AICc value
decreased by 81.723 and 4874.988, respectively, compared to the GWR and OSL models.
From the perspective of bandwidth, the global OLS model has a bandwidth of 424, which
is the total number of samples; the local GWR model assumes that the spatial scale of the
effect of all variables is the same, which is 322. The MGWR model assumes that different
variables have different spatial scales of influence, with its bandwidth range being [68, 423].
Meanwhile, the sum of squared residuals for the MGWR model with LDT as the dependent
variable is 123.892, while that for the GWR model is 225.478; the sum of squared residuals
for the MGWR model with SDT as the dependent variable is 169.634, while that for the
GWR model is 275.874.

Table 4. Comparison of fitting effect of OLS, GWR, and MGWR models.

Model
Long-Distance Demand (LDT) Short-Distance Demand (SDT)

AICc R2 R2Adj Bandwidth AICc R2 R2Adj Bandwidth

OSL 5755.989 0.468 0.445 - 5827.087 0.315 0.285 -
GWR 962.724 0.555 0.503 322 1030.915 0.315 0.285 335

MGWR 881.001 0.708 0.640 [68, 423] 949.238 0.579 0.500 [45, 402]

Traditional ordinary least squares (OLS) regression assumes that the relationships
between variables are constant throughout the study area. It produces a set of globally
averaged parameter estimates, which means that the impact of influencing factors on land
value is identical in both the city center and the suburbs. This clearly does not align with
the heterogeneous reality of urban spaces, as different urban areas are at different stages
of development, have varying functional orientations, and possess distinct socioeconomic
characteristics. The GWR model employs a single optimal bandwidth for all variables. This
is equivalent to assuming that all influencing factors, such as banks, schools, and roads,
operate at the same spatial scale. The use of a single optimal bandwidth may not reflect
the spatial scales of some specific variables, leading to inaccurate fitting results. The core
innovation of MGWR lies in its independent estimation of an optimal bandwidth for each
explanatory variable. This allows different processes to operate at different spatial scales.

Based on the above data, the MGWR model performs better in reflecting the spatial
heterogeneity and non-stationarity of the explanatory variables.

5.3. Analysis of Model Results

The MGWR model was reconstructed for the independent variables that had a signifi-
cant impact and passed the multicollinearity test. The results showed that the coefficient
of determination for long-distance travel was 0.594, and for short-distance travel, it was
0.501. Both fitting effects were better than those of the GWR model. When analyzing
highly discrete and stochastic issues such as individual travel choices, the R2 value of the
model is usually lower than that of the models in many natural science fields. Similar
R2 ranges have also been reported in studies on BS or EBS. As Chen et al. [6] reported
in their study on the spatiotemporal travel patterns and influencing factors of BS and
EBS systems, the range of the coefficient of determination was 0.607–0.671. In the study
by Li et al. [33] on the impact of the built environment on dockless BS oriented by the
subway, the reported range of the coefficient of determination was 0.498–0.559. The results
of the MGWR model are presented in Table 5. Among them, the bandwidth values of the
regression parameters for each explanatory variable are different, reflecting that the impact
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of the built environment indicators on the demand for short- and long-distance EBS travel
has spatial non-stationarity and spatial heterogeneity in different areas.

Table 5. Estimation results of MGWR model.

Variables Bandwidth Mean Std Min Median Max

LDT Constant term 68 0.081 0.298 −0.418 0.129 0.63
Shopping services 211 0.256 0.098 0.059 0.282 0.377

Cultural and educational services 423 0.051 0.010 0.027 0.053 0.377
Commercial residences 422 0.157 0.011 0.144 0.154 0.183

Sports and leisure services 176 0.166 0.077 0.036 0.174 0.309
Accommodation services 423 −0.004 0.014 −0.016 −0.009 0.052

Bus stops 423 0.091 0.014 0.056 0.096 0.105
Primary road 85 0.099 0.225 −0.23 0.074 0.746

SDT Constant term 45 0.104 0.37 −0.52 0.035 1.233
Shopping services 237 0.147 0.085 −0.036 0.173 0.334

Cultural and educational services 402 0.033 0.011 0.002 0.035 0.053
Commercial residences 402 0.03 0.006 0.026 0.028 0.051

Sports and leisure services 402 0.115 0.005 0.1 0.117 0.121
Accommodation services 338 0.366 0.127 0.144 0.41 0.688

Bus stops 402 0.088 0.011 0.058 0.092 0.098
Primary road 92 0.021 0.186 −0.258 −0.037 0.523

The value of bandwidth represents the spatial scale of the effect of the explanatory
variable on the demand for EBS trips. The smaller the value, the greater the spatial het-
erogeneity of the variable’s effect range; conversely, the larger the value, the smaller the
heterogeneity. In the long-distance model, the spatial scale of shopping services and
primary road density is smaller, indicating that these variables have greater spatial het-
erogeneity in the demand for long-distance EBS trips. The influence scales of cultural and
educational services, commercial residences, sports and leisure services, accommodation
services, and bus stations are relatively large, reflecting that these variables have less spatial
heterogeneity in the demand for long-distance EBS trips. In the short-distance model, the
spatial scale of shopping services, sports and leisure services, and primary road density
is smaller, indicating greater spatial heterogeneity of these variables in the demand for
short-distance trips. Conversely, the spatial scale of cultural and educational services,
commercial residences, accommodation services, and bus stations is larger, showing that
these variables have less spatial heterogeneity in the demand for short-distance trips.

To visually illustrate the relationship between the relevant explanatory variables and
the demand for EBS trips, seven explanatory variables were selected: shopping services,
commercial residences, sports and leisure services, accommodation services, bus stations,
and primary road density. These variables were selected to analyze the spatial heterogeneity
of the MGWR model regression coefficients at different distance scales. The estimation
results of the model were visualized using ArcGIS software. The spatial distribution of the
coefficients for the relevant explanatory variables is shown in Figures 5–10.

6. Discussion
Regarding the road indicators, Figure 5 shows the spatial distribution of the regression

coefficients for arterial road density. For long-distance and short-distance EBS travel, the
regression coefficients exhibit a clear gradient change from west to east in the main urban
area. This spatial pattern suggests that the impact of arterial road density on EBS demand is
not static but deeply dependent on the local traffic environment and development context.



Sustainability 2025, 17, 10437 17 of 24

Specifically, in the southeast part of the main urban area, a higher density of primary
roads shows a suppressive effect on the EBS demand. This is inferred to mainly stem
from the competitive relationship between different modes of transportation. This area
is typically a well-developed urban core with a complete road network, higher private
car ownership rates among residents, and dense coverage of regular public transport
services. Therefore, for medium-to-long-distance travel, residents are more likely to choose
private cars or public transportation, thereby reducing the relative attractiveness of EBS.
In sharp contrast, in areas with relatively weak transportation infrastructure, such as the
outskirts of Tongxiang City, the primary road density has a positive or neutral impact on
EBS demand. This indicates that in such environments, the relationship between EBS and
public transportation is more complementary than competitive. Due to the sparse bus
routes and fewer schedules in the peripheral areas, there is a significant “first mile” and
“last mile” problem. EBS happens to fill this service gap.

Figure 5. The distribution of regression coefficients for primary roads density.

The distribution of the regression coefficients for bus stops is shown in Figure 6. The
overall positive impact of bus stops on the EBS travel demand in the main urban area
indicates a certain degree of complementarity between the two. This complementarity is
primarily reflected in the function of connecting different modes of transportation. The
dense bus network in the main urban area serves as the backbone for residents’ long-
distance travel, while EBS acts as an ideal “last mile” solution, effectively extending the
service radius of bus stops and enhancing the accessibility of the entire public transportation
system. This is especially evident in the Wuzhen Scenic Area in the northern part of
Tongxiang City. After arriving by bus or taxi, tourists generate a large number of short-
distance travel demands within and around the scenic area, which are conveniently met by
EBS. This highlights its value as an activity-end extension tool in tourism contexts.

In contrast, in the city center where the long-distance travel demand is more pro-
nounced, it is inferred that there is a competitive relationship between EBS and buses
during long-distance commuting. When the travel distance falls within the advantageous
range of EBS and the urban infrastructure in the city center can support its efficient and
safe operation, EBS is no longer just a connecting tool but becomes a direct competitor to
bus services. According to the theory of individual utility maximization in mode choice,
travelers weigh time costs, economic costs, flexibility, and comfort when selecting a mode of
transportation. In the main urban area, the flexible and fast service of EBS avoids the need
for transfers, waiting, and walking, thereby leading to a substitution effect on bus travel.
This finding is consistent with previous studies [25], which found that the operation of EBS
had a significant negative impact on bus passenger volumes. Therefore, the competitive
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and complementary relationship between EBS and buses is not static and may be influenced
by the travel distance, urban layout, and transportation structure. Given the limited travel
options in small and medium-sized cities, this phenomenon may be more pronounced.

Figure 6. The distribution of regression coefficients for bus stops.

The distribution of regression coefficients for leisure and shopping services is shown
in Figures 7 and 8. The strong attractiveness of leisure services in the eastern part of the
main urban area to long-distance travel is the result of the combined effects of the city’s
monocentric structure and mixed land use development. Centered around the Phoenix
Lake Scenic Area, this region has a highly mixed pattern of commercial, industrial, and
residential functions. The concentration of large urban commercial complexes (such as
Wuyue Plaza) and regional leisure facilities (such as theaters and sports stadiums) creates a
powerful destination appeal, sufficient to attract residents to make special long-distance
trips. Previous studies have also found [3] that commercial districts with a concentration of
entertainment activities greatly promote the use of EBS. More importantly, the functional
mix enables residents to complete multiple purposes such as “shopping, dining, and leisure
entertainment” in one trip. This multipurpose travel chain characteristic naturally fits the
flexible, door-to-door advantages of EBS, thereby significantly increasing the demand for
long-distance travel.

Figure 7. The distribution of regression coefficients for sports and leisure services.

In contrast, the western part of the main urban area lacks such large gravitational
centers, and leisure services are characterized by dispersion and community orientation.
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This layout mainly meets residents’ daily and nearby needs, generating mostly single-
purpose short-distance trips, which is essentially different from the compound and purpose-
driven long-distance travel generated in the east. The positive impact of shopping services
in the northwest shown in Figure 8 corroborates this view. Due to the lack of large
commercial complexes locally, residents have to choose long-distance cycling or other
transportation modes to go to the central and eastern business districts. This indirectly
proves that the spatially uneven distribution of urban service facilities is a key driver in
shaping EBS travel patterns.

Figure 8. The distribution of regression coefficients for shopping service.

The distribution of regression coefficients for commercial residences areas is shown in
Figure 9. In the southwest part of the central urban area, where commercial residential areas
are concentrated, there is a clear positive correlation with long-distance EBS travel. This
pattern profoundly reflects the regional differences in job–housing spatial relationships and
transportation service levels in Tongxiang City. Due to the distinct separation of industrial
and residential land use in the southwest part of the central urban area, middle-aged and
young, middle-income commuters living in this area, with their high value of time and pur-
suit of efficiency, may be willing to choose EBS as the optimal solution to avoid congestion
and achieve efficient point-to-point commuting. On the other hand, in towns farther from
the central urban area, the promotion of travel demand by commercial residential areas
is inferred to stem from a different mechanism: the lack of public transportation services.
These areas suffer from an insufficient coverage of bus stations, and even if residents want
to use public transportation, they face the challenge of solving the first or last mile of their
journey. Here, EBS plays a key role in the multimodal transportation chain, effectively
expanding the activity range of residents and enhancing the overall travel accessibility.
This finding echoes our discussion on bus stops, jointly illustrating the indispensable
complementary role of EBS in areas with weak public transportation.

The distribution of regression coefficients for accommodation services is shown in
Figure 10. Accommodation services have a clear suppressive impact on long-distance EBS
travel in the main urban area but show a significant positive impact on short-distance travel,
especially in the southern part of the main urban area where there is a higher density of
accommodation services. As a well-known tourist city, Tongxiang attracts a large number
of visitors. As temporary residents, tourists’ core goal is to efficiently visit multiple nearby
attractions and facilities within a limited time. The southern part of the main urban area,
with its dense accommodation facilities, typically aggregates tourist sites, dining, and
commercial outlets. This spatial pattern naturally generates high-frequency, multipurpose
short-distance travel chains. The flexible, easy-to-use, and economical nature of EBS
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perfectly meets tourists’ needs to build an efficient “activity chain”, making it an ideal
tool for connecting accommodation sites with surrounding activity nodes. This finding is
similar to previous research [15], which found that in tourist cities, 85% of travel orders are
made by tourists, and most users use EBS to go to leisure and entertainment venues. In
contrast, the suppressive impact of accommodation services on long-distance travel reflects
the competition among different modes of transportation based on travel utility. When the
travel destination is far away (such as to suburban scenic areas or transportation hubs),
the criteria for travel decision-making shift from convenience to the overall experience
and efficiency. In this context, taxis or ride-hailing services, which offer point-to-point
services and higher comfort levels, have a significantly higher overall utility than EBS. The
latter’s disadvantages in terms of physical exertion, weather conditions, and safety become
more pronounced in long-distance travel. This indicates that in the tourism transportation
system, EBS is primarily positioned for short-to-medium distance microcirculation rather
than competing with motorized travel modes in long-distance scenarios.

Figure 9. The distribution of regression coefficients for commercial residences.

Figure 10. The distribution of regression coefficients for accommodation services.

7. Policy Recommendation
Based on the research findings and the actual situation in Tongxiang City, this paper

proposes several targeted and feasible policy recommendations from the perspectives of
government departments and EBS companies to optimize the user experience of EBS. These
recommendations can also serve as a reference for the optimized development of EBS in
other small and medium-sized cities.
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(1) Implementation of precise planning and management

In large residential areas and peripheral regions with weak public transportation
services, the demand stems from commuting connections and basic travel needs. Policies
should encourage operators to optimize vehicle distribution to ensure service coverage.
Meanwhile, the government can incorporate EBS accessibility into the evaluation system
for public transportation services to compensate for the shortcomings of fixed bus routes
and ensure travel equity for residents in different areas. In the urban core and commercial
centers, it is recommended to designate electronic fence parking zones. Through data-
sharing platforms with operators, real-time alerts and intelligent scheduling for excessive
deployment and disorderly parking can be achieved. The core objective is to ensure
the smooth flow of sidewalks and maintain urban order, rather than blindly expanding
the scale.

(2) Coordinated optimization of the transportation system

On long-distance routes where buses and EBS form excessively strong competition,
the transportation department should reassess the efficiency of bus services. Consider
optimizing bus routes, increasing the frequency of departures, and launching express bus
lines to enhance core competitiveness. Position EBS as an effective supplement to bus
services during specific times (such as at night) and in specific areas, rather than simply
prohibiting them. This approach can lead to differentiated development and a coordinated,
efficient green transportation system.

(3) Improve the construction of road infrastructure

In areas where there is a positive correlation between primary road density and
cycling demand, future road renewal and transformation should prioritize the planning
and construction of a continuous and safe non-motorized vehicle lane network. This is not
only a response to the current demand, but also an active effort to guide residents to form
green travel habits by enhancing safety and comfort.

8. Conclusions
To analyze the spatiotemporal heterogeneity of influencing factors on the EBS travel

demand at different travel distances in small and medium-sized cities, this paper constructs
a multi-scale geographical weighted regression model based on the EBS order data in
Tongxiang City to analyze the main influencing factors and their spatial heterogeneity of
the long-distance and short-distance EBS travel demand. The conclusions are as follows:

(1) Compared to the OLS and GWR models, the MGWR model has significant advantages
in revealing the spatial heterogeneity of the impact of each explanatory variable on
the EBS travel demand for both long and short distances.

(2) The demand for short-distance travel is prominent around scenic spots, accommo-
dation sites, and bus stops. EBS serves the function of shuttling tourists and the
“last mile” connectivity, complementing buses. However, in the main urban area
with a well-developed road network, EBS competes with and substitutes buses in
long-distance travel.

(3) In long-distance travel, leisure services and shopping services have significant positive
impacts on the EBS use in the eastern and northwestern parts of the main urban area,
respectively. The eastern part of the main urban area has a denser distribution of large
commercial complexes, attracting long-distance travelers. This indicates that residents
are willing to travel across regions to engage in multi-purpose leisure activities, and
EBS is one of the main modes of transportation for travelers heading to large leisure
venues or commercial complexes.
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(4) The impact of the built environment on EBS use has significant context dependency.
Commercial residential areas in the western job–residential separation area promote
long-distance commuting, while leisure services in the eastern commercial district
attract long-distance consumption travel, reflecting the structural influence of the
urban functional layout on travel behavior.

This study has some limitations that provide directions for future research. First, since
the data did not record user attributes, future research will rely on questionnaire surveys
to explore the impact of population characteristics on EBS travel distance. Second, this
study focused on spatial heterogeneity without considering the temporal dimension (such
as weekdays/weekends). Subsequent research could employ the GTWR model to reveal
the spatiotemporal evolution patterns. Third, the data were only sourced from July, which
is the peak tourist season. Future research needs to incorporate data from multiple seasons
to disentangle and compare the travel demand differences between residents and tourists,
thereby gaining a more comprehensive understanding of usage patterns.
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