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1. Introduction

In the era of mass tourism, people’s demand for tourism has
changed, and new requirements have been put forward.
The focus has shifted from sightseeing to the pursuit of
diversified leisure tourism. As a result, the tourism space
that supports the development of urban tourism has grad-
ually expanded to meet these needs. Cities have derived
more spaces capable of accommodating tourism demand,
such as Internet celebrity buildings, snack streets, histori-
cal buildings and check-in points. Urban tourism space
means the spatial vehicle for all tourism activities on urban
construction sites (Bian, 2003). Tourism spatial heteroge-
neity refers to the lack of homogeneity in the geospatial
region due to various elements interacting in space. This
interaction leads to varying degrees of spatial dispersion
within the geospatial region, resulting in an uneven level of
development in urban tourism spaces. Different areas
within the city exhibit distinct directions, speeds, and
qualities in their construction, expansion, and develop-
ment. Consequently, the functionality provided and the
issues that arise also show differentiation.

The study of urban tourism spatial heterogeneity serves
multiple purposes. It not only optimizes the tourism expe-
rience and enhances a city’s attractiveness but also im-
proves the overall urban space. This improvement is crucial
for coordinating local and global relationships and for
strengthening the tourism system. Accurately identifying
and quantifying the heterogeneous characteristics of urban
tourism space is essential, as is analyzing the mechanisms
behind various influencing factors. Such research has
become a significant focus in fields like urban planning and
human geography.

Some research on the spatial structure of tourist at-
tractions has primarily focused on the characteristics of
tourism space structure, the evolution of tourism space,
and the spatial behavior of tourism activities in source
markets (Zahra and Ryan, 2007). In contrast, research in
China has predominantly concentrated on the national
scale, analyzing individual influencing factors (Wang, 2012).
However, these studies often lack a comprehensive
framework that clarifies the relative strengths of the
various factors influencing tourism space. As a result, the
degree to which these factors influence tourism space re-
mains ambiguous. Li and Wang (2014) employed a suite of
quantitative GIS methods, including the nearest point
index, geographic concentration index, and Gini index, to
analyze the spatial distribution patterns and influencing
factors of A-class tourist attractions in Sichuan Province.
Their study integrated these methods with relevant theo-
retical frameworks to elucidate the spatial distribution
laws of these attractions. In recent years, the Geographi-
cally Weighted Regression (GWR) model has been increas-
ingly applied in tourism studies, largely due to the series of
papers on the spatial heterogeneity of the GWR model
published by Brunsdon et al. (1996). However, traditional
tourism research has largely focused on static spatial
structures, neglecting the dynamic nature of tourism space
boundaries and usage intensity (Peng et al., 2023). The
advent of big data now allows for a more dynamic and
nuanced understanding of urban tourism spaces. Spatio-
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temporal behavioral research and network analysis have
emerged as effective tools to reveal the underlying spatial
connections and flow dynamics, offering new insights into
the complex structure of urban tourism spaces (Hu et al.,
2023). Existing studies mostly rely on traditional data
sources, such as GPS data and social media data, which
have limitations in spatial resolution and timeliness. The
Baidu Heat Map, generated from real-time user data on
Baidu Maps, can be updated approximately every 15 min.
This high-frequency updating allows it to reflect crowd
aggregation and space use intensity in real time. Conse-
quently, researchers can capture temporal changes in
tourism space, thereby gaining a more comprehensive un-
derstanding of its dynamic characteristics (Song, 2018). In
contrast, GPS data and social media data, while also
providing information on the distribution of people, may
not be as frequently updated or as widely covered as Baidu
Heat map. In addition, the Baidu Heat map offers extensive
coverage and provides a macroscopic view at the city level,
making it suitable for large-scale spatial analyses of urban
tourism. It also visualizes the degree of crowd gathering
and spatial distribution characteristics, which holds signif-
icant application value for urban planning, tourism man-
agement, and policy-making. In light of this, this study
utilizes the GWR model to analyze the spatial heteroge-
neity of urban tourism and its influencing factors. We focus
on positive driving factors identified by the GWR model and
correlate them with crowd aggregation data from Baidu
Heat map. This approach clarifies the spatial distribution of
positive drivers and crowd density, offering a targeted basis
for optimizing urban tourism space management.

The contributions of this study are as follows: Firstly, we
screened the influencing factors of urban tourism spatial
heterogeneity and identified five key factors: natural
tourism resources, cultural tourism resources, traffic con-
ditions, tourism accommodation and reception capacity,
and the level of economic development. We then used the
GWR model to analyze the varying intensities of these
factors’ influence on urban tourism space. Secondly,
leveraging big data, we utilized the Baidu map APl to
generate Baidu Heat maps at different times of the day.
This allowed us to construct a model that reflects the in-
tensity of population activity in urban tourism spaces during
peak tourism hours, thereby determining the degree of
crowd gathering in these spaces. Lastly, we spatially
matched urban tourism spatial heterogeneity with the de-
gree of crowd aggregation to explore their correlations.
This approach is significant for the identification, evalua-
tion, and optimization of urban tourism spaces.

2. Literature review
2.1. Tourism spatial studies

Based on the theory of tourism spatial structure, the focus
of empirical research has shifted from analyzing tourism
resources and spatial distribution to exploring the interplay
between tourist attractions and their protection and
development, as well as the integration of urban tourism
space with big data analytics. Tong et al. (2023) examined
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the spatial distribution of rural tourism resources using POI
data, identifying three key characteristics: scenic area
dependence, agglomeration, and centripetal tendencies.
Feng et al. (2023) addressed the issue of tourism spatial
integration in urban areas by leveraging mobile phone
signaling data to construct a spatial integration model. Ge
et al. (2023) conducted a study on the spatial differentia-
tion and influencing factors of the rural tourism industry,
analyzing the quantitative relationship between the in-
dustry and conservation development, as well as the spatial
layout characteristics, mixing dynamics, and their influ-
encing factors. Zhang et al. (2024) and other scholars uti-
lized multi-source data to construct a tourism spatial
distribution model, investigating the characteristics and
driving forces of urban night tourism. Other scholars have
delved into the intersection of tourism and urban devel-
opment, exploring the coexistence of tourism spaces with
sustainable urban growth, and the optimization of tourism
architecture (Ji, 2023). Tamara et al. (2023) used Serbia as
a case study to assess tourists’ willingness to revisit certain
tourism spaces, aiming to enhance local tourism manage-
ment strategies. Rodriguez et al. (2024) explored the po-
tential of unattractive marginal spaces, like the Rio Tinto
Mining Basin, for contributing to rural sustainable devel-
opment, demonstrating the tourism value of mining heri-
tage through the integration of tourism spatial
development and urban planning. Maksoud et al. (2023)
examined tourism space development in the context of
evolving architectural design and spatial tourism industry
needs, focusing on the coexistence of tourism spaces and
architectural design, and optimizing building design pa-
rameters using computational tools to advance sustainable
tourism architectural design. Current research in tourism
space, both domestically and internationally, primarily re-
lies on POI data for quantitative analysis of tourism spatial
distribution characteristics. While some scholars focus on
the spatial distribution characteristics or optimization
methods for individual buildings, there is a noted lack of
multi-dimensional analysis in the study of tourism spatial
heterogeneity.

2.2. Spatial heterogeneity study

Spatial heterogeneity, also known as spatial variability, is a
term initially used to describe the distinct characteristics of
entities and phenomena within one spatial area compared
to those in other areas. It generally refers to the diverse
outcomes of spatial processes or events, which are associ-
ated with the varying intensity of spatial phenomena. This
concept encompasses both spatial randomness and spatial
structural features. In the context of spatial data modeling,
heterogeneity is often linked to structural instability across
different spatial regions. This instability can be observed
through varying coefficients or the need for different
functional forms to accurately describe the data. The study
of spatial heterogeneity first took the ecological environ-
ment as the research object, Wang et al. (2000) studied the
spatial heterogeneity of soil nutrients in old-growth forests
of red pine through geostatistical methods. Wu et al. (2015)
analyzed the spatial heterogeneity of the organic carbon
content of arable land.

In geography, Anselin and Goodchild proposed the sec-
ond law of geography, stating it is “spatial heterogeneity.”
This concept refers to the spatial variability of geographic
phenomena and the inherent variability within that vari-
ability (Zhu et al., 2020). Spatial heterogeneity has been
incorporated into geographic research as a method of
spatial statistical analysis. This concept encompasses both
spatial structure and spatial distribution. As spatial
econometric methods have evolved, Brunsdon et al. (1996)
proposed the GWR model. This model incorporates spatial
factors into the framework of ordinary linear regression and
utilizes spatial relationships for local GWR analysis. It ap-
plies the unique spatial characteristics of each data point
for functional estimations, thereby establishing the inter-
dependent quantitative relationships among variables. The
GWR model is capable of conducting a spatially differenti-
ated analysis of the factors influencing tourism and ex-
plores the characteristics of spatial differentiation in the
level of tourism development. This capability is of great
significance for the spatial development of urban tourism.

The demand for processing and analyzing spatial data in
the tourism sector is growing continuously, and the appli-
cation of the GWR model in this field is also on the rise.
Some scholars have used the GWR model to analyze the
spatial variation affecting national tourism development,
aiming to obtain the elasticity coefficients of tourism
influencing factors in each region. Xie and Zhang (2015)
employed both the Ordinary Least Squares (OLS) and GWR
models to analyze the scale of casualties in tourism emer-
gencies, considering factors such as personnel, environ-
ment, and facilities. They also explored the spatial
differentiation patterns of casualties in tourism emergen-
cies. Hernandez and Ma (2016) analyzed the interrelation-
ships between mature seaside resorts and rural tourism
areas several kilometers inland, as well as the conditions
necessary to sustain these two types of tourism in Medi-
terranean destinations. Their study identified both common
and distinct characteristics of the tourism product in rural
and mass tourism. The GWR model was also utilized to
assess traditional features of mass tourism within rural
tourism contexts.

In recent years, scholars have increasingly focused on
using the GWR model to explore the spatial differentiation
of tourism. Hu et al. (2018) applied the GWR model to two
significant areas of study within the national travel agency
industry. Firstly, they examined the spatial differentiation
of efficiency and conducted an analysis of the driving
mechanisms behind it. Secondly, they investigated how
various influencing factors, including transport, capital,
talent, information technology, and economic dynamics,
spatially differentiate in their impact on the industry’s ef-
ficiency. Yu et al. (2017) employed the GWR model to
identify the spatial non-equilibrium in the growth mecha-
nism of urban tourism efficiency and to analyze the diver-
gent spatial distribution of tourism efficiency across
provincial cities. Zhu et al. (2017) explored the spatial
heterogeneity of tourist attractions across provinces using
the GWR model and proposed relevant optimization stra-
tegies. Guan et al. (2017) combined the ESDA method with
the OLS and GWR models to analyze the spatial correlation
characteristics of tourism economic development. They
approached this analysis from the perspective of spatio-
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temporal feature differentiation and excavated the spatio-
temporal structural information of the influencing factors
of the tourism economy.

At this stage, GIS spatial analysis technology remains the
most frequently used method in the study of urban tourism
spatial heterogeneity. It analyzes the degree of influence
and trends of various factors, often examining both macro-
and micro-levels to explore the evolution and development
trends of tourism space. The OLS method, a traditional
global regression model, is suitable for data without spatial
heterogeneity and provides globally consistent regression
coefficients. However, it ignores spatial heterogeneity and
autocorrelation, potentially leading to model bias and
inaccurate predictions. Additionally, OLS cannot capture
local spatial features, limiting its ability to reflect the true
dynamics of spatial data (Yum, 2023). The spatial autore-
gressive model effectively addresses spatial autocorrela-
tion and is suitable for data exhibiting global spatial
dependence. However, it struggles to capture local spatial
characteristics (Zhou et al., 2020). In contrast, while
Bayesian spatial regression models can handle spatial het-
erogeneity and autocorrelation and offer a more flexible
modeling framework, they are computationally demanding,
require substantial computational resources, and can yield
varying results based on different prior assumptions (Chen
et al., 2023). In addition, Random Forest can handle com-
plex nonlinear relationships but lacks explicit modeling of
spatial heterogeneity and autocorrelation. This limitation
makes it difficult to capture local spatial features and
provide intuitive explanations of spatial relationships (Liu
et al., 2024). GWR can more accurately estimate spatial
data parameters by considering the spatial weight matrix.
It reveals local characteristics and spatial non-stationarity,
allowing regression coefficients to vary with geographic
location. This approach better reflects the true character-
istics of spatial data and explains their variability.

Building on previous research, this study employs spatial
econometrics analysis as its primary method. It utilizes big
data to define dynamic tourism spatial boundaries and
assess spatial use intensity. The study also integrates the
GWR model with a combination of qualitative and quanti-
tative approaches, an area that has not been systematically
explored in the context of urban tourism spatial hetero-
geneity. Focusing on tourism spaces within the main urban
areas of Wuhan City, Hubei Province, this research lever-
ages the GWR model and Baidu Heat map to examine the
variations in tourism spatial distribution and the influencing
factors across different administrative regions.

2.3. Urban research based on big data

Accurate collection of residents’ behavioral data is essen-
tial for gaining an in-depth understanding of spatio-
temporal behavior patterns. With the advancement of in-
formation technology, big data provides insights into human
spatio-temporal behavior in three key areas: individuals’
emotional responses and perceptions of their geographic
environment, their activities and movements within
geographical spaces, and the social interactions among in-
dividuals. Kreitz (2001) developed web-based GIS software
designed for the collection and analysis of spatial data. This

1331

software comprises several key features: web maps for
visualization, tools for inputting activity data, functionality
for calculating movement paths, and modules for data
analysis and display. Papinski et al. (2009) designed a res-
idential path selection survey system by integrating mobile
information devices, such as GPS, with network maps. The
system utilizes three methods: GPS for location tracking,
GIS for geographical information processing, and web logs
for recording and analyzing online activity. Among these
tools, GPS is used to record path selection, GIS to document
planned route information, and web logs to display the
outcomes of path selection. Some scholars utilize mobile
phone signaling data and user location data, including bus
swipe card records, to study the mobility and travel pat-
terns of urban residents. They examine the socio-spatial
structures and interactions among different demographic
groups by using social network data and analyze customer
demand and supplier behavior through network transaction
data. In the field of tourism, scholars use mobile phone
signaling data to simulate the travel trajectories of tourists,
identify the popularity of tourism resources, or hot spots,
and less frequented areas, or cold spots, as well as to
analyze the utilization of tourism infrastructure. Toole
et al. (2015) presented a methodology for tourism
research that utilizes mobile communication user location
data, along with a case study. They also identified the ad-
vantages and shortcomings of this approach. Other scholars
have focused their research on the spatio-temporal be-
haviors of both urban residents and tourists. Leveraging
social media and big data from location services, Wang
et al. (2015) analyzed the dynamic changes in urban ac-
tivity spaces across three dimensions: time, space, and
activity. They discovered that traditional patterns of
behavior continue to influence people’s check-in activities.
The urban activity space undergoes a daily cycle of
dispersion, initial agglomeration, further concentration,
followed by dispersion, and finally, a relative agglomera-
tion. Additionally, the functional areas of activity exhibit
characteristics of integration and blurred boundaries. Some
scholars explore the spatial distribution patterns and flow
trajectories of urban tourists by analyzing photo data
uploaded by tourists on network interactive platforms,
utilizing ArcGIS for spatial processing and expression. They
also investigate the interactions between tourism man-
agement, sensors, tourist activities, and Al systems, con-
structing a comprehensive conceptual model for calculating
social perceptions of tourist behavior. By obtaining users’
daily activity records over a year from social media, they
analyze the content, footprints, photos, and daily activ-
ities. This analysis aims to uncover the underlying patterns
and dynamics of tourist behavior in space and time, offer-
ing insights into how tourists interact with their environ-
ment and each other.

Building on the previous analysis, scholars have sug-
gested incorporating spatial measurement methods into
tourism space studies. This approach emphasizes the
spatial imbalance of tourism’s influencing elements and
integrates GIS-GWR technology. By employing the GWR
model, they analyze the factors affecting the spatial dis-
tribution of tourism attractions and their influence levels,
offering theoretical insights for urban tourism development
and regional economic growth. In the context of big data,
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this study further examines the spatial heterogeneity of
urban tourism space, considering the impact of spatio-
temporal behaviors of urban users (Yang et al., 2019).
Utilizing the GWR model, it explores the effects of various
factors on urban tourism space. Additionally, by leveraging
real-time Baidu Heat map data, the study assesses crowd
aggregation levels in urban tourism spaces. This analysis
aims to reveal the relationship between urban tourism
spatial heterogeneity and crowd aggregation, providing a
deeper understanding of how these two aspects interact
and influence each other.

3. Materials and methods

This study introduces a method that leverages the GWR
model and big data to explore the spatial heterogeneity of
urban tourism and the degree of crowd aggregation (Fig. 1).
The method is comprised of three key components. The
first part involves identifying the study area and delineating
the urban tourism space during the preliminary stages. The
second part involves obtaining relevant data, including POI
data for tourist attractions and administrative boundary
data, etc. The third part involves processing and analyzing
the data using the established research methodology.
Initially, the GWR model is applied to identify the hetero-
geneity within the urban tourism space, followed by an
exploration of its correlation with crowd aggregation as
observed in spatial patterns.

3.1. Study area

Wuhan, situated in the central region of China’s interior
and the eastern part of Hubei Province, is where the
Yangtze River and the Han River converge (Fig. 2). This
mega-city, with 13 administrative districts, 6 functional
districts, and 156 streets, serves as the core of the Yangtze
River Economic Belt, highlighting its strategic importance
(Fang and Sun, 2015a,b). Wuhan’s location in the middle
and lower reaches of the Yangtze River further cements its
role as a pivotal city in the region. Boasting a rich

{ Tourist Attraction POI Data

endowment of natural resources, including numerous rivers
and 166 lakes covering 803.17 km?, Wuhan leads the nation
in freshwater lake area. The city’s blend of natural beauty
and urban charm has fostered a distinctive tourism sector.
Wuhan is renowned as a national historical and cultural city
and was among the first to be recognized as an excellent
tourist city in China. Its lakes and the distinctive Chu cul-
ture have shaped a rich humanistic landscape, positioning
Wuhan as a key player in China’s tourism industry today
(Wang et al., 2023).

In 2023, the Wuhan Municipal People’s Government is-
sued the “Circular on Policies and Measures to Stimulate
the Vitality of Market Mainstays and Promote High-Quality
Development of the Economy.” This emphasized support
for the tourism and sports industries in attracting visitors to
the city and announced the issuance of over one million
free tourism vouchers for tourists from both within and
outside the city. In March of the same year, the Wuhan
Municipal People’s Government, in its efforts to cultivate
and construct an international consumption center city,
proposed to adhere to expanding domestic demand,
deepen reforms and opening up, and strive to build a world-
class cultural and tourism city. Therefore, this study fo-
cuses on tourist attractions, scenic spots, religious sites
such as churches, temples, and Taoist temples, as well as
memorials and historical sites within Wuhan’s main urban
area, considering these as the tourism space of Wuhan.

3.2. Data

The study utilized the following data sets: (1) POI data for
tourist attractions in Wuhan’s main urban area, obtained
from the Planning Cloud Platform. (2) Vector administrative
boundary data for Wuhan, sourced from the National
Geographic Information Resource Catalogue Service Sys-
tem. (3) Data on cultural and natural tourism resources
from the Wuhan Municipal Department of Culture and
Tourism, which was screened, organized, and manually
entered into a GIS database to create vectorized data. (4)
Traffic road network data from the Beida geographic data
platform. (5) Tourism accommodation and reception
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The People's Republic of China

Fig. 2

capacity data from the Baidu Maps open platform’s coor-
dinate picking service, utilizing the development API pro-
vided by Baidu. (6) Economic development level data from
the official website of the Hubei High Score Centre Luojia
No.1 (all data are as of December 2023).

3.3. Spatial autocorrelation

The first law of geography, often attributed to Waldo
Tobler, suggests that everything is related to everything
else, but near things are more related than distant ones.
Spatial autocorrelation is a statistical method used to
measure the distributional characteristics and in-
terrelationships of spatial data. It posits that there may be
dependence or similarity between things in neighboring or
close locations in space, with the strength of this spatial
dependence or similarity being inversely related to the
distance between things (Yu et al., 2016). In this study, we
employ local spatial autocorrelation, a technique that as-
sesses the degree of clustering of similar values around a
location, to study the spatial clustering of urban tourism
space (Guo and Li, 2017). The calculation formula for this
analysis is as follows:

i(Xi = X)(X; — X)

M=
=

n

n

1

J

1 1

- (1)
> (X —X)*

1

=

In this formula, | represents Moran’s |, Moran’s index
value range in [—1, 1], n represents the number of urban
tourism spaces in this study, X; and X; represent the number
of urban tourism spaces in a certain range, X represents the
average number of all urban tourism spaces, and Wj; is the
spatial weight matrix. When Moran’s | > 0, it means that
the research object shows agglomeration posture and pos-
itive spatial correlation, and the larger the value of I, the
more obvious spatial correlation; when Moran’s | < 0, it
means that the research object shows dispersed posture
and negative spatial correlation, and the smaller the value,
the more obvious spatial variability; when Moran’s | = 0,
spatial randomness, no correlation.
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3.4. GWR model

In the field of spatial statistical analysis, methods that aim
to provide accurate local descriptions of spatial heteroge-
neity have garnered increasing attention. This is in contrast
to traditional statistical methods that assume a uniform
spatial relationship across the study area. The spatial het-
erogeneity of variables poses challenges for the Ordinary
Least Squares model, making it difficult to interpret the
coefficients when considering the global spatial context.
This limitation underscores the need for spatial analysis
techniques that can account for local variations and pro-
vide a more nuanced understanding of spatial relationships
(Zhang, 2014). To further investigate the relationship be-
tween influencing factors and urban tourism space, we
selected the GWR model for our analysis. The GWR model
was employed to analyze the influence of various factors on
urban tourism space from a local perspective, including
natural tourism resources (NE), cultural tourism resources
(CR), transport conditions (TC), tourism accommodation
and reception capacity (ACT), and economic development
level (EFD). Considering a set of explanatory variables and a
response variable, the GWR model allows for the exami-
nation of these factors in a spatially explicit manner.

K
Vi =Bo (Ui+Vi)+ Zﬁi (Ui + Vi) Xix + €;. (2)

i=1

In this formula, y; is the explanatory variable,
Bi (ui +v;) (i=0, 1, ..., i) is the spatial geographic location
function, where g, is the intercept, (u;j+v;) is the latitude
and longitude of the sample point i within the study, x; is
the value of the kth explanatory variable at the ith sample
point, and ¢; is the random error.

3.5. Population activity intensity modeling

To more accurately depict the dynamics of urban popula-
tion aggregation within the urban tourism space at various
times, this study introduces a model to quantify population
activity intensity, utilizing Baidu Heat map data (Zhang,
2021). The changing patterns of population aggregation
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and land use within urban geographic units over a specific
period can be indicated by the population’s weighted
average activity intensity in these units.

24
A,' = Z a;jWi;j.
J=1

In this formula, A; denotes the intensity of population
activity in urban tourism spatial geographic unit i throughout
the day, a;; denotes the thermal value of urban tourism
spatial geographic unit i at j moment, and W;; denotes the
population weight of urban tourism spatial geographic unit i
at j moment. The whole day is divided into intervals by
whole points, and there are 24 moments in total.

The concentration of the population is crucial to the
development of urban tourism spaces. This study assesses
the current development status of these spaces by devel-
oping a model that quantifies the intensity of population
activities. This approach helps address issues related to the
misuse of resources, traffic congestion, and the uneven
development of tourism spaces. The level of tourism-
related activity within urban areas can be gauged by
observing the growth in tourism-related population and the
development of urban tourism spaces over time. This is
evident through the expansion and evolution of these
spaces within the defined geographic boundaries of urban
tourism areas (Han et al., 2024). In this study, we employed
this model to measure the spatial and temporal behaviors
of urban integrated users during the tourism peak hours in
Wuhan. We aim to determine the level of population ag-
gregation within each urban tourism spatial unit and
spatially correlate these levels with the influencing factors
of spatial heterogeneity using the GWR model. Further-
more, we examined the relationship between the spatial
heterogeneity of urban tourism and the levels of population
aggregation.

3)

4, Results

The results of this study contain four important aspects
(Fig. 3). Our analysis of the spatio-temporal distribution
characteristics reveals that the tourism space in Wuhan’s

Spatial Autocorrelation Prior Analysis

»f Concentration

main urban area is cohesively and centrally distributed at
the block scale. In the second step, we employed Moran’s |
to assess the interdependence among tourism spaces. The
results indicate that these spaces are not randomly distrib-
uted but exhibit a pattern of dependence. These findings lay
the groundwork for our third step: analyzing tourism spatial
heterogeneity using the GWR model. Additionally, we utilize
Baidu Heat map to determine crowd aggregation levels
during holiday periods, examining how urban tourism spatial
distribution varies with different crowd densities. We then
spatially correlate these patterns with the GWR model’s
identified influencing factors of tourism spatial heteroge-
neity. Ultimately, we conduct a correlation analysis to reveal
the relationship between urban tourism spatial heteroge-
neity and crowd aggregation levels.

4.1. Characteristics of spatial distribution of
tourism and population distribution in the main
urban area of Wuhan City

4.1.1. Types of spatial distribution of tourism

Based on Point of Interest (POI) data as of December 31,
2023, the main urban area of Wuhan is home to a total of
2109 tourist spaces. This includes a variety of attractions:
1668 tourist sites, 302 scenic areas, 21 churches, 45 reli-
gious sites including temples and Taoist temples, 53 me-
morials, and 20 sites of historical significance, often
referred to as red scenic spots. The distribution of point
elements in space generally falls into three types: cohesive
distribution, random distribution, and uniform distribution.
Academics commonly use the closest neighbour index to
determine the distribution type of point elements (Wang
et al., 2017).

r 1

_rE’

NG @

where r¢ is the theoretical closest neighbour distance, r is
the actual closest neighbour distance, S is the area of the
region and n is the number of tourist spaces. When R = 1,
the point elements are distributed in random type, when
R > 1, the point elements are distributed in uniform type,
and R < 1, the point elements are distributed in cohesive
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type. Based on the POl data for the tourism space in
Wuhan’s main urban area in 2023, we used the Euclidean
distance method to calculate the nearest neighbour index
(NNI). The resulting index was R = 0.355995, which is less
than 1, indicating a cohesive distribution of tourism spaces.
The statistical significance of this result was confirmed with
a p-value of 0 and a z-score of —56.579375, demonstrating
that the distribution of tourism spaces in Wuhan’s main
urban area is not random but shows a pattern of clustering
(Fig. 4, Table 1).

4.1.2. Concentration of spatial distribution of tourism
The nearest-neighbour index suggests that the tourism
space in Wuhan City’s main urban area is characterized by
cohesion. However, this index does not provide a quanti-
tative measure of the cohesion degree of the research ob-
ject. To address this limitation, this study introduces the
Geographic Concentration Index, which offers a more pre-
cise quantitative assessment of the spatial cohesion within
the tourism spaces:
)2

X
T

In this formula, G is the geographic concentration index
to quantify the degree of cohesion of tourism space in the
main urban area of Wuhan, X; is the number of POIls of
tourism space in the scope of the ith sub-region; T is the
total number of POIs of tourism space; n is the number of
sub-regions. G represents the geographic concentration
index of tourism space in the main urban area of Wuhan
that is evenly distributed among sub-regions, and when
G > G, it indicates that the tourism space is centrally
distributed, and when G < G, it indicates a decentralized
spatial distribution of tourism, and the value of G indicates
the degree of concentration. In this study, we study the

n

>

i=1

G =100 x (5)
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(Random)

concentration degree of tourism space distribution in
Wuhan at the block scale of the main urban area, and the
geographic concentration index G in 2023 is calculated to
be 41.36936 (n = 448, T = 2109, G = 4.70758), and G is
greater than the value of G, indicating that Wuhan’s
tourism space is concentrated at the block scale of the
main urban area, and it is mainly concentrated in the
eastern part of the main urban area and the northwestern
part of the river area. northwest along the river (Fig. 5).

4.1.3. Degree of crowd aggregation in tourism space in
the main urban area of Wuhan City

Urban population activities can reveal the spatial and tem-
poral patterns of behavior, as well as exhibit regular pat-
terns over space and time. With the advent of the big data
era, new types of data related to population dynamics, such
as Baidu Heat map, are being widely utilized (Zhang and Li,
2019). The Baidu Heat map captures the intensity of popu-
lation activity in various areas throughout the day by
tracking the spatio-temporal locations of mobile phone
users as they access Baidu products. It generates visual Heat
map on Baidu maps, represented by different colors and
levels of brightness, which intuitively illustrate the spatial
distribution of the population. In this study, the Baidu Heat
map data of Wuhan on October 1, 2023, which is National
Day, a public holiday in China, is selected as a sample to
study the intensity of population activities in the tourism
space of Wuhan’s main urban area. The Baidu Heat map was
obtained through the Baidu map API for two time periods:
the morning from 08:00 a.m. to 12:00 p.m. and the after-
noon from 14:00 p.m. to 18:00 p.m., capturing 10
distinct time intervals. The Heat map is then categorized
into three levels, with red, yellow and light blue assigned
as 3, 2, and 1, respectively (where 3 corresponds to
heat values 311.691195—1855.649902, 2 corresponds to
72.486324—311.691194, and 1 corresponds to 0—72.486323).
The actual width of an image element in the Baidu Heat map
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Fig. 5

is approximately 2('®'%) m, where zl represents the zoom
level. The zoom levels 14 to 18 correspond to widths of
1—16 m. Therefore, considering the influence of map reso-
lution, the grid size should not be smaller than 20 m. At the
same time, the grid size determines the granularity of the
resultant data. Zhang (2021) observed that the trend of
population activity counts across different grid sizes remains
consistent. This suggests that population activity counts in a
given area and time are stable, and that grid size does not
affect the total number of population activities under the
same map zoom level. Instead, grid size primarily influences
the granularity of the resultant data.

In actual planning and design, grid sizes are typically set
to 1000 m x 1000 m at the city or district level and to
50 m x 50 m at the neighborhood or street level (Wu and
Ye, 2016). Since this study uses streets as the basic unit
to reflect crowd concentration in Wuhan’ s main urban
area, a smaller grid size (e.g., 50 m x 50 m) could more
accurately identify the boundaries and internal structure of
tourism hotspots. However, this approach significantly in-
creases data volume, computational complexity, and pro-
cessing time, potentially leading to redundant information.
Conversely, a larger grid size (e.g., 500 m x 500 m) can
quickly identify the overall distribution of tourism hotspots,
making it suitable for macro-level analysis at the city or
district level. Yet, it lacks the precision needed for refined
tourism space management and detailed policy formula-
tion. The choice of a 200 m x 200 m grid size for the spatial
analysis of urban tourism in Wuhan achieves an optimal
balance between data accuracy, spatial resolution,
computational efficiency, and practical applicability.
Compared to smaller grids, the 200 m x 200 m size reduces
computational complexity while maintaining adequate
spatial resolution. Conversely, it captures more detailed
spatial features than larger grids, supporting refined man-
agement and policy formulation. Additionally, this grid size
is compatible with multi-scale analyses and widely appli-
cable, providing robust support for dynamic urban tourism

Qingshan District N

Kernel Density Estimate
[ ] 0-15271.3549

[ 15,271.35491 - 53,449.74216
[ 53,449.74217 - 110,717.323
[ 110,717.3231 - 183,256.2588
[T] 183,256.2589 - 274,884.3882
[ 274,884.3883 - 377,966.0338
[ 377,966.0339 - 488,683.3569
[ 488,683.357 - 629,943.3837
I 629,943.3898 - 801,746.1324
I 801,746.1325 - 973,548.875

02 4 8 12 16
Hongshan District o™ ™ s ™ s [ VY

Spatial kernel density of tourism in the main urban area of Wuhan City.

space analysis (Pei et al., 2020). In this study, after
obtaining the Baidu Heat map data, we first performed
several preprocessing steps to ensure data quality and
consistency. Specifically, the original data were cropped to
match the study area boundaries, geographically aligned,
and subjected to projection transformation to ensure
spatial accuracy. We also removed duplicate records and
corrected any erroneous data entries. Subsequently, the
data were standardized to facilitate comparison across
different variables. Based on the established correspon-
dence between heat map colors and population density, we
reclassified the data to reflect varying degrees of popula-
tion aggregation. The study area was then divided into a
200 m x 200 m grid to facilitate spatial analysis. Finally, by
integrating the raster image area with population aggre-
gation density, we calculated the total number of popula-
tion activities within each grid. This approach enabled us to
model the intensity of population activities and quantify
the degree of crowd aggregation during tourism periods.
As shown in Fig. 6, the spatial structure of Wuhan’s main
urban area is distinctly shaped by the Yangtze River, the
Han River, and numerous lakes that occupy and segment
the city’s space. The main urban area is composed of three
towns: Wuchang, Hankou, and Hanyang. Specifically,
Wuchang includes the districts of Wuchang, Qingshan, and
Hongshan. Hankou is comprised of Jiangan, Jianghan, and
Qiaokou districts. Hanyang corresponds to the district of
Hanyang. The three towns of Wuhan—Hankou, Hanyang,
and Wuchang—are at varying stages of urban spatial
development. In Hankou, the populated areas form a
contiguous urban expanse, with Jiefang Avenue, the
longest arterial road in the city, and the areas adjacent to
the Yangtze and Han Rivers experiencing high levels of
commercial activity. The three major business dis-
tricts—Wushang Mall, Hanshang Wuzhan Shopping Centre,
and Jianghan Road Pedestrian Street—serve as central hubs
with surrounding areas of significance. These districts are
key to Hankou’s urban landscape, and the city’s
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development is increasingly focused on expanding towards
the northwest. The Wuchang region exhibits a linear
development pattern, with subway Lines 2 and 5 spanning
the area from Wuluo Road to Luoyu Road, extending in a
pattern that resembles a bow and arrow from west to
southeast. This layout reveals a distinct axis of urban
development. Along this axis, there are many university
towns, indicating good development potential. The forma-
tion of a connected business district along this axis can
actively promote the development of surrounding areas.
The population in the Hanyang area is concentrated in
specific points, with business districts and development
zones serving as major gathering points due to their focus
on growth. Areas along Hanyang Boulevard and Longyang
Boulevard, which act as connectors, also emerge as smaller
high-heat zones. Furthermore, large-scale public service
facilities like the Wuhan International Expo Centre,
Hanyang Passenger Centre, and Wuhan Sports Centre have
become significant high-heat zones, indicating areas of
intense population concentration and activity.

4.2. Spatial correlation of tourism in Wuhan’s main
urban area

In this study, we use GWR model to explore the spatial het-
erogeneity of tourism in the main urban area of Wuhan. The
GWR model assumes spatial non-stationarity, meaning that
regression relationships are not constant across space but
vary dynamically with geographic location. However, the
validity of this assumption depends strongly on the spatial
structure of the data. If tourism data in Wuhan lack signifi-
cant spatial autocorrelation, indicating random distribution,
the spatial structure is geographically uniform and un-
changing. This contradicts the basic assumption of the GWR
model, making it inappropriate for application in such cases.

Spatial autocorrelation analysis is essential prior to
conducting GWR analysis (Tang and Qin, 2024). Spatial
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Crowd gathering degree of Wuhan’s main urban area during holiday travel time.

autocorrelation indicates whether neighboring or close
data points within a geographic range are correlated or
interdependent, revealing spatial aggregation or dispersion
of the data. In this study, we use the local Moran’s | index to
quantify this spatial dependence. Positive spatial autocor-
relation occurs when similar values are clustered, while
negative spatial autocorrelation occurs when dissimilar
values are clustered. Randomly distributed data exhibit no
spatial autocorrelation. If the data lack significant spatial
autocorrelation, indicating random spatial distribution,
using the GWR model may not effectively capture spatial
heterogeneity and could lead to overfitting or invalid con-
clusions. Conversely, significant spatial autocorrelation,
indicating clustered or dispersed data, allows the GWR
model to better capture spatial heterogeneity and provide
more accurate results.

Spatial autocorrelation analysis significantly enhances
the interpretability of the research results. This analysis al-
lows for a deeper understanding of the spatial structure of
tourism data in Wuhan, thereby enabling more accurate
interpretation of GWR results. For example, regions with
significant spatial autocorrelation yield more credible GWR
results. Moreover, integrating local spatial autocorrelation
analysis clarifies the spatial distribution of GWR coefficients,
highlighting that coefficients in hotspot areas may hold
greater significance. In summary, this study employs local
spatial autocorrelation analysis to quantitatively assess
spatial distribution differences of urban tourism space and
examines potential multicollinearity among influencing
factors using linear regression correlation analysis.

4.2.1. Spatial correlation test data processing

Before conducting spatial autocorrelation tests, this study
first preprocesses the data for the five influencing factors
used to construct the GWR model, namely natural tourism
resources, cultural tourism resources, transportation con-
ditions, tourism accommodation reception capacity, and
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economic level. Initially, we cleaned the dataset to identify
and remove any duplicate records or erroneous data.
Additionally, we excluded data points outside the main
urban area of Wuhan, as this study focuses specifically on
the spatial heterogeneity of tourism space within this re-
gion. Subsequently, given that the basic unit of analysis is
the street, we converted the relevant indices of each factor
into density metrics. For instance, the data for natural
tourism resources were transformed into hydrological area
per square kilometer, facilitating comparisons across
different streets. Furthermore, we scrutinized each
street’s impact factor indicators. If a street exhibited un-
usually high or low values, we reverified the data source. If
the anomaly was attributed to the street’s unique
geographic location, we retained the data and documented
its background information.

The processed data were obtained through the data
preprocessing steps described above. In this study, Moran’s
| was chosen to assess the interdependence among tourism
spaces in Wuhan’s main urban area (Fig. 7). Utilizing the
GeoDa platform, the study focused on the number of
tourism spaces within each block as the primary variable.
Additionally, a weight matrix based on Queen’s adjacency
was constructed within GeoDa to examine spatial autocor-
relation. The analysis results indicate a Moran’s | of 0.6491
(p = 0.00; z = 19.54), which signifies a significant positive
spatial correlation. This is further illustrated by the Moran’s
| scatter plot, where sample points exhibit local clustering
with some being more dispersed, suggesting distinct spatial
aggregation patterns of tourism in Wuhan City’s main urban
area for the year 2023. In summary, the spatial distribution
of tourism in Wuhan’s main urban area exhibits a non-
random, patterned distribution. This pattern is attributed
to the spatial heterogeneity of five key influencing factors
that shape the spatial distribution of urban tourism in
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Fig. 7 Scatterplot of Moran’s | in the main urban area of
Wuhan City.

Wuhan: natural tourism resources, cultural tourism re-
sources, transportation infrastructure, the capacity of
tourism accommodation and hospitality, and the level of
economic development. These factors underscore the
effectiveness of the GWR model in capturing spatial het-
erogeneity. Additionally, this study employs Local In-
dicators of Spatial Association clustering to analyze the
spatial clustering of tourism spaces, providing further in-
sights into the distribution patterns.

The tourism space in Wuhan’s main urban area in 2023
exhibits spatial clustering differentiation, as evidenced by
the LISA clustering map (Fig. 8). Most areas demonstrate
high-high clustering, signifying a higher concentration of
tourism spaces throughout the main urban area, with
similarly elevated numbers in peripheral regions. Qiaokou
District, along with Hanyang District and a portion of Hon-
gshan District, exhibits low-low agglomeration, suggesting a
lower number of tourism spaces in these districts and their
surroundings. Jiang’an District and a section of Hongshan
District display low-high agglomeration, indicating a lower
number of tourism spaces in these areas but a higher
number in neighboring regions. The Hongshan District,
except for the Donghu Lake Scenic Area which shows high-
high agglomeration, and a part of its southern region which
shows low-low agglomeration, does not exhibit significant
main agglomeration in the remaining areas.

The LISA significance map (Fig. 9) reveals significant
spatial autocorrelation in most of Wuhan’s main urban
areas, notably in Hanyang, Qiaokou, and parts of Hongshan
Districts, where the p-value is approximately 0.001. In
contrast, the p-values for Jiang’an and Wuchang Districts
are close to 0.01, suggesting a significant level of spatial
autocorrelation. Furthermore, parts of Hongshan and
Jianghan Districts have p-values exceeding 0.05, indicating
a weaker spatial autocorrelation.

4.2.2. Data processing for factorial covariance test
Given that the GWR model is highly sensitive to correlations
among variables, high correlations among individual variables
can lead to significant multicollinearity issues. Thus, it is
essential to test for linear relationships among the factors
before using the model to analyze the adjusted indicator
factors. This study employs SPSS to calculate correlation co-
efficients and diagnose covariance among five factors through
linear regression analysis, to assess multicollinearity. Previ-
ous studies suggest that multicollinearity may be present if
the Variance Inflation Factor (VIF) exceeds 10 or if the cor-
relation coefficient between factors is greater than 0.8. Table
2 indicates that all five independent variables have toler-
ances above 0.1 and VIF values below 10, suggesting no
multicollinearity among the selected factors. This allows for
their analysis using the GWR model in subsequent steps.

4.3. Analysis of the correlation between spatial
heterogeneity of urban tourism and the degree of
crowd concentration

4.3.1. Analysis of spatial heterogeneity of tourism based
on the GWR model

To explore how the number of tourism spaces in each dis-
trict of the main urban area relates to various influencing
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Fig. 9 LISA significance map of main urban areas in Wuhan.

factors, this study develops a spatial regression model. The
model uses the number of tourism spaces in Wuhan’s main
urban area as the dependent variable and considers five
dimensions, as outlined in Table 3: natural tourism re-
sources (NE), cultural tourism resources (CR), transport
conditions (TC), accommodation and hospitality capacity of
the tourism industry (ACT), and the level of economic
development (EFD) (Chen et al., 2012; Yuan et al., 2014;
Huang et al., 2010).

In this study, we constructed the GWR model in 2023 to
analyze the spatial non-stationarity of tourism space in
Wuhan’s main urban area from a local perspective. We use
R?, which represents the proportion of variance in the

Table 1 Nearest neighbour analysis table for tourism
spatial evaluation in Wuhan main urban area.

Average nearest neighbour summary

Element Value Unit (of
measure)
Average observation distance 124.447300 m
Expected average distance 349.575600 m
Nearest neighbour ratio 0.355995 /
Z-score —56.579375 /
P-value 0.000000 /
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dependent variable explained by the model, and Adjusted
R?, the corrected R? value, as important indicators to assess
the goodness of fit of the regression model. These co-
efficients range from 0 to 1, with values closer to 1 indi-
cating better performance of the regression model, and
values closer to 0 suggesting that the model is ineffective in
explaining the dependent variable’s variation. The R? of
0.987097 and Adjusted R? of 0.983265 in the GWR model
indicate that the model established in this study has a
strong fit, accounting for 98.71% of the variability in tourism
space within Wuhan’s main urban area. In Table 4, Wuchang
District and Jiangan District have the highest coefficients,
suggesting that the model provides the best fit for the
urban tourism spatial heterogeneity in these districts. The
model’s fit for each district, with R* > 0.61 and Adjusted
R% > 0.60, further indicates that the spatial heterogeneity
model has a strong fit across the main urban area.

The core strength of the GWR model lies in capturing the
spatial heterogeneity of variable relationships. However,
negative correlation coefficients may emerge in certain
localized regions but lack general significance. Retaining
these negative correlation regions can weaken the overall
explanatory power of the study results if they constitute a
very small proportion of the overall study area and differ
markedly from other regions. Moreover, positive correlation
coefficients highlight areas with high potential for tourism
development. Coupling these with heat maps for analysis
typically emphasizes positive hotspots. Including negative
correlation coefficients may introduce confusion and lead
to erroneous interpretations. To focus on positive drivers
and ensure scientific validity, this study excluded negative
correlation regions in the GWR analysis, thereby clarifying
the positive driving mechanisms.

4.3.2. Spatio-temporal relationship between spatial
heterogeneity in tourism and the degree of crowd
concentration

To further explore the relationship between the spatial
heterogeneity of tourism and the degree of crowd aggre-
gation in terms of both space and time, data on the
regression coefficients related to the spatial heterogeneity
of tourism and crowd aggregation were selected. These two
sets of data were analyzed using the existing spatial
matching pattern analysis method, assigning respective
values to each. This approach allows for a detailed exam-
ination of how these factors correlate and interact over
time and across different spatial scales (Ke et al., 2016).
Assign values to the two sets of factors separately. The
correlation coefficients, which measure the influence of
spatial heterogeneity factors, are categorized into two
levels: strong and weak correlation, and are assigned values
of 20 and 10, respectively, with higher values indicating a
stronger influence on tourism space. These values reflect
the varying degrees of influence each factor has on tourism
space. The degree of crowd aggregation is categorized into
three levels, with values 3, 2, and 1 representing high,
medium, and low potential traveler consumption in tourism
space, respectively. By applying raster algebra operations,
these two sets of values are combined and analyzed. The
resulting matching matrix is as follows (Fig. 10): 23 denotes
strong correlation with high density, 22 denotes strong
correlation with medium density, 21 denotes strong
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Table 2 Results of multiple linear analysis.
Model Unstandardized Standardized t Significance Covariance
coefficient coefficient statistics
B Standard Beta Tolerances  VIF
error
Tourism accommodation capacity —0.008 0.007 —0.024 —1.104 0.270 0.193 5.184
Cultural tourism resources 10.707  0.254 0.892 42.095 0.000 0.210 4.758
Level of economic development 0.006 0.004 0.043 1.592 0.112 0.127 7.876
Natural tourism resources 0.000 0.000 0.053 3.104 0.002 0.329 3.037
Transport condition 0.189 0.070 0.076 2.709 0.007 0.119 8.427
Table 3  Factor system of tourism spatial heterogeneity indicators.
Factor Explanatory factor Nicknames Notation
Natural tourism resources River network density NE km/km?
Cultural tourism resources Number of national intangible cultural heritage, CR %
national, provincial and municipal cultural
heritage units
Transport condition Transportation access TC km/km?
Tourism accommodation capacity Number of star-rated hotels ACT pcs
Level of economic development Nighttime lighting data EFD nW/cm?/sr

correlation with low density, 13 denotes weak correlation
with high density, 12 denotes weak correlation with me-
dium density, and 11 denotes weak correlation with low
density.

23 13 Strong Positive Correlation — High Density
22 12
21 1 Strong Positive Correlation — Weak Density

4.3.3. Results of the correlation analysis between spatial
heterogeneity of tourism and the degree of crowd
concentration

In this study, we used the above research methods to obtain
the spatial visualization of the regression coefficients for

Table 4 GWR model fit goodness of fit.

Modelling  Administrative R? Adjusted R?

GWR Wuchang District 0.996701 0.996664
Hanyang District 0.755097  0.752333
Jiang’an District 0.993091 0.993013
Jianghan District 0.921929  0.921048
Hongshan District ~ 0.668421 0.664679
Qiaokou District 0.610384  0.605987
Qingshan District 0.712644 0.709401

GWR Main city district 0.987097  0.983265

each influence factor of the GWR model for tourism space in
Wuhan’s main urban area in 2023. Additionally, we analyzed
how these coefficients match with the intensity of holiday
population activities. The regression coefficients’ absolute

Weak Positive Correlation — High Density

equivalent to| Strong Positive Correlation — Medium Density Weak Positive Correlation — Medium Density

Weak Positive Correlation — Weak Density

values signify the strength of each factor’s influence on the
city’s tourism space count; greater absolute values denote a
more substantial influence. The absolute values of the
regression coefficients in the GWR model indicate the in-
tensity of each influencing factor’s impact on urban tourism
space numbers. Larger absolute values correspond to
stronger impacts. The color gradient from light blue to dark
blue represents increasing influence of each factor on urban
tourism space development. The spatial distribution of the
match between influencing factors and population activity
intensity is categorized into six types. These are ordered by
color from dark to light as follows: strong correlation with
high density, strong correlation with medium density, strong
correlation with low density, weak correlation with high
density, weak correlation with medium density, and weak
correlation with low density.

Figure 11 (a) illustrates that the natural tourism resource
factor significantly influences the spatial development of
urban tourism in several key areas. These include Zhangbi
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concentration.

Lake Park and Zhuhai Park in Qiaokou District, the north-
south urban trunk roads from Wuluo Road to Luoyu Road
and Youyi Avenue in Wuchang District, and areas along the
Yangtze River in both Wuchang and Hankou Districts.
Notably, most of these areas are waterfront zones, sug-
gesting that waterfront-centric development plays a crucial
role in shaping the distribution of urban tourism. Among
them, Jiangan and Wuchang districts have more natural
tourist scenic areas, with regression coefficients ranging
from 0.056840 to 0.142999. In contrast, Qiaokou district has
the largest regression coefficient (0.084449—0.142999),
primarily because its tourist spaces are largely based on
cultural backgrounds. Thus, natural resources have the
strongest influence on its development. Figure 11 (b) reveals
that the vitality of urban tourism space closely aligns with
the spatial distribution of natural tourism resource factor
coefficients, under the influence of population activity in-
tensity. This alignment allows us to pinpoint strong
correlation-high-density tourism spaces, particularly in the
core tourism areas of the Zhangbihu, Donghu, Jiangnan, and
Jiangbei clusters. The development of these spaces shows a
gradient, with the highest vitality concentrated in the core
areas and gradually decreasing towards the periphery.

Figure 12 (a) illustrates that areas significantly influenced
by cultural tourism resources are concentrated in Qiaokou
District, which is rich in such resources, including the Wuhan
Garden Expo Park and the Yangtze River Civilization Pavilion.
The region is rich in cultural tourism resources, which
significantly impact the spatial distribution of tourism. These
resources are primarily clustered in Qiaokou, Jiang’an,
Jianghan, and Wuchang districts, with coefficients ranging
from 9.437942 to 14.105176. Notably, Qiaokou District has
the strongest cultural heritage, with coefficients ranging
from 14.105176 to 64.575389. These attractions offer a va-
riety of choices for tourists, although the area’s development
isstill at an early stage. Figure 12 (b) reveals that the vitality
of urban tourism space is largely consistent with the spatial
distribution of cultural tourism resource coefficients, influ-
enced by population activity intensity. High-density tourism
spaces with strong correlations are found along Changfeng
Street, while medium-density spaces are primarily located in
the Guiyuan Temple, Donghu Lake, Jiangnan, and Jiangbei
Clusters, which are the four core tourism areas. The vitality
of urban tourism space shows a trend of decreasing from west
to east.

Figure 13(a) indicates that the influence of the trans-
portation condition factor on urban tourism space

Ideas for analyzing the correlation between spatial
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development is stronger in the peripheral areas of Hon-
gshan District, with coefficients ranging from 0.141876 to
0.537225. In contrast, the other four districts exhibit more
clustered tourism spaces, resulting in weaker trans-
portation accessibility influences, with coefficients ranging
from 0.075087 to 0.188843. Figure 13(b) reveals that the
intensity of population activity influences the vitality of
urban tourism space. Interestingly, this effect exhibits
opposite spatial distribution characteristics compared to
the traffic condition factor. The smooth internal traffic
network contributes to the expansion of tourist spaces.
Consequently, the spatial distribution of these spaces is
characterized by a central concentration around the
Jiangbei and Jiangnan groups, with a pattern of diffusion
moving outward from the city center.

Figure 14(a) indicates that the tourism accommodation
capacity factor significantly influences the spatial devel-
opment of urban tourism, particularly in areas of Hongshan
District that are farther from the city center, with co-
efficients ranging from 0.0138 to 0.2161. In contrast, the
other five districts exhibit relatively lower coefficients
(0.000001—-0.0248), indicating a better level of tourism
development. This is attributed to the well-balanced
development of tourism accommodation in the central
areas, whereas non-urban centers struggle to meet market
demand with their tourism enterprise reception capacities.
Moreover, district governments have set higher standards
for the tourism accommodation industry, recognizing its
significant potential to boost tourism development in these
areas. Figure 14(b) reveals that the vitality of urban tourism
space, influenced by population activity intensity, mirrors
the spatial distribution of tourism accommodation capacity
factor coefficients. The weak correlation but high-density
spatial dot distribution, observed in the Jiangbei, Jian-
gnan, and Guiyuan Temple clusters, corresponds to areas
with high population density that are instrumental in
fostering the development of urban tourism space.

Figure 15(a) shows that areas strongly influenced by the
economic development level factor in urban tourism space
development are concentrated in Jianghan and Qiaokou
districts, with coefficients ranging from 0.013379 to
0.113996. Jianghan District, ranking first in Wuhan’s high-
quality economic development evaluation, exhibits a high
degree of spatial matching. Similarly, the Changfeng Street
Area in Qiaokou District, which includes the Hanzheng
Street Central Service Area, Hanjiang Bay Urban Sub-
center, and Han Shui Shore, shows a high degree of
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spatial matching due to its industrial base. Figure 15(b)
indicates that under the influence of population activity
intensity, the vitality and spatial distribution of urban
tourism space align with the coefficient distribution of the
economic development level factor. Notably, the weak
correlation—high-density type exhibits a spatially dotted
distribution in the Jiangbei and Jiangnan Clusters, where
high population density effectively promotes urban tourism
space development.

From the above coupling analysis, it is evident that five
core spatial clusters have formed in the tourism space of
Wuhan’s main urban area. These include: (1) the Zhangbi
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Lake Park cluster in Qiaokou; (2) the Guiyuan Temple
cluster in Hanyang District; (3) the East Lake cluster in
Wuchang, centered around Wuhan University, Hubei Pro-
vincial Museum, and East Lake Listening to Waves Scenic
Spot; (4) the Jiangnan cluster south of the Yangtze River,
centered around Yellow Crane Tower, Tubu Lane, and the
Yangtze River First Bridge; and (5) the Jiangbei cluster in
the center of Hankou on the north bank of the Yangtze
River, centered around Hankou River Bank and Jianghan
Road pedestrian street.

By identifying the core attractions and functional posi-
tioning of each cluster, managers can allocate tourism

North of Chang Jiang (Yangzte River)

South of Chang Jiang (Yangzle River)

(b)

Distribution of regression coefficients for transportation condition and their matching results with population activity

intensity. (a) Local coefficients of GWR model; (b) matching results with population intensity.
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resources more accurately, optimize the layout of tourism
facilities, and avoid resource waste and redundant con-
struction. For example, the Zhangbi Lake Park cluster can
focus on ecological and leisure tourism, the Qiyuan Temple
cluster on religious and cultural tourism, and the East Lake
cluster on integrating natural landscapes with cultural re-
sources to create a comprehensive tourist destination. This
zoning strategy improves tourism management efficiency
and enhances visitor experiences. Moreover, the five spatial
clusters break the traditional single-attraction mindset in
tourism management and promote regional synergy. For
example, the Jiangnan and Jiangbei Clusters are connected
via transportation links like the First Yangtze River Bridge,
forming a complementary tourism pattern. Relevant gov-
ernment departments can optimize the transportation
network and design cross-regional tourism routes to inte-
grate scattered hotspots into a more cohesive and attrac-
tive tourism network. This synergy not only boosts the
tourism vitality of each cluster but also enhances Wuhan’s
overall competitiveness as a tourist destination.

5. Discussion

In this study, we selected the GWR model and utilized big
data from Baidu heat maps to analyze the correlation be-
tween urban tourism spatial heterogeneity and crowd ag-
gregation levels. Our study focused on the tourism space
within the megacity of Wuhan. Building on this analysis, we
discuss four key aspects: the research methodology, the
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findings, the study’s limitations, and the insights gained for
the development of urban spatial tourism (Fig. 16).

5.1. Methodology

To explore the correlation between urban tourism’s spatial
heterogeneity and crowd aggregation levels, we
approached the analysis from two perspectives: spatial
metrics and spatio-temporal behavior. We identified the
spatial characteristics of urban tourism in Wuhan by
employing the GWR model and Baidu Heat map data. The
GWR model provides a better fit than the ordinary least
squares method, as it accounts for spatial variability and
connections, enabling a scientific approach to non-
equilibrium spatial distribution factors and effectively
addressing spatial non-stationarity. Due to its superior
fitting capabilities, this study utilizes the GWR model to
develop a system for indexing the spatial heterogeneity of
urban tourism. This study adopts the GWR model to
construct a factor system of urban tourism spatial hetero-
geneity indicators, integrating an analysis of factors that
influence urban tourism spatial heterogeneity. It ensures
the objectivity and scientific rigor in the quantification of
the indicators and adheres to the principle of authentic
data acquisition, using the number of urban tourism spaces
as the dependent variable in the sample analysis. After
validating the data categorization, this study selects river
network density to characterize natural tourism resources
(NE), the number of national intangible and cultural
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heritage units at national, provincial, and municipal levels
to characterize cultural tourism resources (CR), traffic
accessibility to characterize traffic conditions (TC), the
number of star-rated hotels to characterize the tourism
industry’s accommodation and reception capacity (ACT),
and night-time lighting data to characterize the level of
economic development (EFD). This study analyzes the
spatial econometric regression model using the above five
indicators as explanatory variables. In addition, leveraging
Baidu Heat map data, this study captures the geographic
locations of a large sample of Baidu mobile users. It con-
structs a model to analyze the intensity of population ac-
tivity across various urban spaces using this data. Focusing
on peak tourist hours during holidays, the study identifies
urban tourism spaces with varying degrees of crowd con-
centration and dispersion. We quantify the degree of crowd
concentration in urban tourism spaces using Baidu Heat
maps and correlates it with spatial heterogeneity to
explore their relationship. The analysis retains only positive
driving factors that significantly promote urban tourism
development, excluding negative factors. This approach
allows for a precise focus on key contributors to urban
tourism spatial development, clarifying the spatial distri-
bution of these drivers and their relationship with crowd
concentration. The results provide a targeted basis for
optimizing and enhancing urban tourism space.

5.2. Theory of results

This study builds upon existing research results to select
key influencing factors and examines their impact on urban
tourism spatial heterogeneity through the application of
the GWR model. Using the GWR model to construct an in-
dicator system for urban tourism spatial heterogeneity, the
analysis identifies five key influencing factors—natural
tourism resources, cultural tourism resources, traffic con-
ditions, tourism accommodation capacity, and economic
development level—as positively contributing to the spatial
development of urban tourism (Chen, 2015). These factors
vary in their degree of influence across different regions,
and even within the same region, the impact of each factor

«
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; [ Discussion on the data used in the study. ]

Four parts of discussion.

differs. A rich cultural heritage serves as an important
condition for the formation of urban tourism space, while
transportation acts as a bridge linking people with tourism
spaces, enabling tourism activities. The analysis using the
GWR model indicates that cultural tourism resources and
transportation conditions significantly influence the devel-
opment of urban tourism space. This finding aligns with
government departments’ efforts to promote urban
renewal, empower the cultural tourism industry, and inte-
grate transportation and tourism development (Xu et al.,
2023). Within this context, cultural tourism resources are
identified as the primary positive influence on urban
tourism space development. However, unlike previous
studies, our research shows that the influence of Wuhan’s
cultural tourism resources on urban tourism space devel-
opment exceeds that of transportation conditions. As an
inland hub city, Wuhan’s cultural anchoring effect mitigates
the limitations of transportation accessibility, contrasting
with the “transportation-oriented” development model
observed in coastal gateway cities. This finding can be
attributed to Wuhan being a renowned historical and cul-
tural city in China, with a rich history and cultural heritage
that spans over 6000 years (Yu, 2022). The city’s cultural
attractions, including the Three Kingdoms culture, the
Yellow Crane culture, its culinary traditions, and military
history, draw a large number of tourists. Additionally,
numerous cultural and tourism resources are recognized on
the national intangible cultural heritage list, such as Han
opera, Chu opera, Hubei commentary, wood carving ship
models, and Han embroidery. These resources are crucial
for the development of Wuhan’s cultural and tourism
sector. The analysis results from the GWR model reveal that
several tourism spaces in the city are located far from
public transportation stations and have limited connections
to the public transportation network. Regional trans-
portation conditions are crucial to tourism development,
and the city’s transportation network is a critical infra-
structure that serves and supports the movement of a
large, dispersed tourist population. Furthermore, within
Wuhan’s main urban tourism space, there are numerous
transportation clusters with robust internal links. However,
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these clusters have notably weaker connections with each
other, indicating a potential area for improvement in the
city’s transportation network. The traffic island phenome-
non identified in this study is spatially misaligned with the
planning of the “Golden Tourism Corridor” in the Yangtze
River Economic Belt. We suggest establishing multi-scale
connections through special planning of tourism rail trans-
portation in the Wu’er-Huanghuang metropolitan area.

Introducing the degree of crowd aggregation into the
study of urban tourism spatial heterogeneity and exploring
the correlation between the two, the results indicate that
strongly correlated, high-density areas are distributed
across different regions of Wuhan’s main urban area. Nat-
ural tourism resources are particularly concentrated along
the Yangtze River and in the confluence area of the two
rivers, including Hankou. Wuhan, with 170 lakes, boasts
East Lake, the largest urban lake in China, which signifi-
cantly contributes to the city’s cultural tourism resources.
Cultural tourism resources show a strong correlation and
high density, especially in Qiaokou District and Hanyang Old
Town. Hanyang, once the capital during the Three King-
doms, Wei, Jin, and the North and South Dynasties periods,
is rich in historical sites, including the Hanyang Iron Factory
and Zhang Zhidong Museum. Hongshan District is a hub for
areas with a strong correlation and high density of traffic
conditions, with its tourism bus lines and underground
stations closely linked to the central city’s traffic network.
Qingshan District leads in tourism accommodation and
reception capacity, with the government’s efforts to pro-
mote cultural tourism and enhance supporting facilities.
Economic development levels with strong correlation and
high density are found in Qiaokou District and Jiangan Dis-
trict. As the largest industrial and commercial city in Cen-
tral China, Wuhan hosts Qiaokou District, known for its old
industrial base, and Jiangan District, which is committed to
industrial transformation and modernization, featuring five
leading industries.

The spatial matching analysis results in six distinct
clusters. The first is centered around Zhangbihu Park in
Qiaokou District. The second is centered around Guiyuan
Temple in Hanyang District. The third is a cluster in Donghu
District, with Wuhan University, Hubei Provincial Museum,
and Donghu Hearing Wave Scenic Area at its core. The
fourth is a Jiangnan Cluster, located in the region south of
the Yangtze River, with Yellow Crane Tower, Tubu Lane,
and Yangtze River Bridge at its core. The fifth is a Jiangbei
Cluster in Hankou, on the north bank of the Yangtze River,
with Jianghan Road Pedestrian Street and Huanghe Tower
at its core. Lastly, the sixth cluster is formed in the central
area of Hankou on the north bank of the Yangtze River.

In summary, the GWR model and big data analysis reveal
that natural and cultural tourism resources, traffic condi-
tions, tourism accommodation and reception capacity, and
the level of economic development each influence urban
tourism space in distinct ways. The distribution of high-
density areas with strong correlations in urban tourism
space varies across regions, influenced by the degree of
crowd gathering during peak tourism periods. This high-
lights the importance of tailoring regional tourism strate-
gies to local conditions and developing urban tourism
spatial development programs that address the unique
needs of different regions, thereby effectively managing
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tourism development and use across various areas and
fostering the robust growth of regional tourism (Xu et al.,
2023; Xu et al., 2021).

Compared with other cities, Nanjing—a renowned his-
torical and cultural city in eastern China—shares similarities
with Wuhan in terms of natural and cultural tourism re-
sources (Chang, 2019). However, Nanjing’s tourism spatial
distribution is influenced by the natural divide of the Yang-
tze River and the city’s historical layout, with major hot-
spots concentrated in the main urban areas south of the
river, such as Fuzimiao and Zhongshan Mausoleum (Ding
et al., 2015). In contrast, Wuhan’s tourism distribution is
more decentralized. Chengdu, with cultural tourism re-
sources comparable to Wuhan'’s, exhibits a stronger spatial
attraction for tourism (Li and Xu, 2016). Its natural tourism
resources are relatively concentrated in the surrounding
mountainous areas, forming a cultural resource-driven
development model. This model emphasizes the “cultural
heritage catalyst effect,” with historical districts like Jinli
and Dufu Qiaodang driving the development of peripheral
bed-and-breakfast (B&B) clusters. Unlike Wuhan, Hangzhou
focuses more on integrating eco-tourism with smart tourism,
optimizing tourism spatial layouts and visitor experiences
through big data and information technology (Zhou and Pan,
2010). Nanjing’s well-developed transportation network,
including its metro and bus systems, strongly supports
tourism space development. However, compared to Wuhan,
Nanjing’s tourism space is more closely connected to public
transportation. Chengdu’s boutique B&B penetration rate is
38%, higher than Wuhan’s 25%, especially in areas like
Dujiangyan-Qingchengshan, where a “scenic spot + B&B”
linkage model has emerged, differentiating it from the B&B
zone around Wuhan’s East Lake. Similar to Wuhan’s Qiaokou
and Jiang’an districts, Shanghai’s high-density economic
development is concentrated in Huangpu, Jing’an, and
Pudong New District (Bian, 2012). As the core city of the
Yangtze River Delta urban agglomeration, Shanghai exerts
significant radiating influence, driving the development of
neighboring cities. Similarly, Wuhan, the core city of the
middle Yangtze River city cluster, has enhanced its economic
radiation capacity but still lags behind Shanghai.

5.3. Limitations

This study presents a synthesis of research findings on the
factors influencing urban tourism spatial heterogeneity and
its relationship with the spatio-temporal behavior of urban
users. These insights empower relevant government de-
partments to more effectively plan the development of
urban tourism spaces, thereby fostering a balanced devel-
opment that accommodates the diverse spatial patterns of
tourism within the city. However, this study acknowledges
certain limitations that offer opportunities for further
exploration in future studies, such as refining the models
used or expanding the scope of analysis to include addi-
tional influencing factors.

When constructing the GWR model, this study selects
influencing factors based on their quantifiability. However,
since tourism space is influenced by a multitude of factors,
this study focuses on those that are quantifiable,
acknowledging that other factors may also play a role. In
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addition, the availability of data from Baidu maps, such as
Heat maps and road information, is limited by the number
of tiles provided. Therefore, the data used in this study,
including Baidu Heat maps, were collected on October 1,
2023. This date was chosen as it falls within a typical
tourism period and provides a representative sample for
analysis. However, factors such as temperature and season
may influence crowd aggregation, potentially leading to
results that differ from those observed in other seasons.
Meanwhile, data such as the Baidu Heat Map, which is
based on the geographic locations of over 100 million users,
are essentially sampling data. They reflect relative popu-
lation activity levels rather than actual population sizes and
require timely updates to capture the latest trends (Chen
et al., 2021). For instance, the activity data of non-
smartphone users, the elderly, and those who use alterna-
tive map services are excluded. Additionally, varying usage
frequencies and habits among Baidu Map users can lead to
over- or under-representation of certain areas. Thus, while
the Baidu Heat Map can indicate spatial movement trends
of urban populations, it does not fully represent the actual
population density distribution in the city. The Heat map
data reflect the spatial aggregation of urban residents’
activities but lack specific information on age and gender.
Additionally, these data cannot capture the individual ac-
tivity trajectories of the crowd. Consequently, the study is
unable to analyze the crowd based on diverse characteris-
tics and can only reflect the relative aggregation and dis-
tribution of the population across different time periods
and regions (Wang et al., 2023).

This study can be further developed in the following
aspects: First, future work could focus more on spatial
heterogeneity by comparing the GWR model with the OLS
regression model. Such a comparison would better verify
the robustness of the results. Second, the current study is
limited by the sample size of urban tourism spatial identi-
fication based on Baidu Heat maps. Future research should
combine multiple methods to explore the mechanisms
behind spatio-temporal behaviors more deeply. This could
involve integrating real-time traffic data, network text
data, and network review data, as well as other multi-
source data containing demographic information (e.g., age,
gender, income) to capture individual activity trajectories
and identify differences in time and space among various
population groups. Third, the tourism industry is charac-
terized by seasonality, which significantly impacts tourist
destinations. While seasonality has been shown to increase
personal and social costs (Lin and Zhang, 2015), it also
provides recreational opportunities for cultural, natural,
and social attractions. Future research could explore the
seasonal changes in tourism activities and their dynamic
impacts on tourism space distribution, providing a scientific
basis for sustainable tourism development.

5.4. Policy insight on the development of urban
tourism spaces

This study indicates that urban tourism space development
is influenced by objective factors like natural and cultural
tourism resources, transportation, accommodation capac-
ity, and economic development, as well as the intensity of

population activity during holiday periods. The intensity of
population activity reflects the vitality of urban tourism
space and can stimulate regional tourism growth, which is
why we focus on areas with higher population density.
Overall, the activity space in the main urban area of Wuhan
has developed significantly along the east-west direction,
while activity intensity along the river remains relatively
weak. Future planning should fully leverage the natural
resources and endowments to establish an orderly
sequence of activity space along the river and enhance the
expansion of activity space along this axis.

Areas with a strong correlation and high density are char-
acterized by well-developed tourism spaces, forming the
backbone of Wuhan’s main urban tourism and are thus prior-
itized in urban tourism development efforts. Urban planners
should prioritize areas with high population density and
tourism potential, optimizing the spatial layout of tourism
facilities and enhancing the capacity of supporting infra-
structure. For instance, the Jiangbei Cluster faces issues such
as insufficient tourism facilities and spatial congestion. To
address these challenges, government departments can
strategically increase the supply of hotels, catering services,
and shopping venues in and around the Jiangbei Cluster.
Additionally, urban renewal projects can be implemented to
relieve residential populations, repurpose land use, and
create more tourism space, thereby enhancing the region’s
overall tourism capacity. In areas with fragmented tourism
space patterns, such as those with strong correlation—me-
dium density and weak correlation—high density, historical
buildings often remain underutilized or in disrepair, failing to
realize their tourism potential. For example, historical
buildings around the Jiangbei Cluster are idle and deterio-
rating due to a lack of protective development. Transforming
these buildings into cultural attractions, museums, or spe-
cialty lodgings through protective development can enhance
the area’s cultural appeal. Moreover, optimizing the spatial
layout of old cities via urban landscape design, increasing
public green spaces and leisure areas, and improving visitor
experiences are essential steps. Transportation conditions are
a key factor influencing tourism space vitality. Poor public
transportation connectivity in some tourism hotspots limits
tourist mobility and reduces space vitality. To improve this,
additional bus lines and subway stations should be added in
and around tourism hotspots to enhance public transportation
convenience and accessibility. Considering Wuhan’s
geographical characteristics, promoting new transportation
modes, such as air-rail tourism lines, can alleviate ground
transportation pressure while offering tourists unique sight-
seeing experiences.

The development of tourism space in Wuhan requires not
only the optimization of individual regions but also
enhanced overall competitiveness through regional syn-
ergy. Despite its multi-core structure and regional charac-
teristics, Wuhan’s tourism lacks sufficient synergy, limiting
the full realization of its collective advantages. To address
this, we propose two strategies: First, promote tourism
synergy between central and peripheral urban areas by
optimizing transportation networks and tourist routes to
connect scattered hotspots, forming a more cohesive and
attractive tourism network. Second, leverage district-
specific resources to develop an internationally influential
tourism brand. For example, cultural tourism could be
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centered around the Hankou Historical Style Area, while
eco-tourism and cultural tourism could focus on the East
Lake and Yellow Crane Tower.

6. Conclusion

Wuhan is one of the most popular tourist destinations in
China, with its central area being home to the majority of its
well-developed tourism spaces. In this study, we select five
key influencing factors—natural tourism resources, cultural
tourism resources, traffic conditions, accommodation ca-
pacity in tourism, and the level of economic devel-
opment—to construct a GWR model. This model is designed
to explore the spatial heterogeneity of urban tourism.
Additionally, we introduce a Baidu Heat map, which lever-
ages big data, to investigate the correlation between urban
tourism’s spatial heterogeneity and crowd aggregation
levels. The following conclusions are drawn from this
analysis:

(1) The tourism space in Wuhan City’s main urban area is
cohesively distributed, presenting a pattern that re-
flects an agglomeration trend. This distribution
pattern is influenced by geographic location, leading
to spatial dependence and heterogeneity among
tourist attractions. The formation of tourism space,
the spatial distribution of attractions, and their
structural forms are shaped by a differentiation
model that considers various influencing factors.

(2) This study explores five key aspects: natural and
cultural tourism resources, transportation conditions,
tourism accommodation capacity, and the level of
economic development, to study the factors influ-
encing tourism space in Wuhan’s main urban area.
The regression coefficients of these factors vary
across districts, reflecting varying levels of tourism
development. However, when viewed locally, each
factor exhibits significant spatial heterogeneity,
indicating diverse impacts across different districts.

(3) There is a strong overall correlation between the
GWR model’s influencing factors and the degree of
crowd aggregation. Areas with a better degree of
matching include the riverbanks of Hankou and
Wuchang, as well as the waterfront tourism areas of
East Lake. Additionally, the Wuguang area, located
near Hankou’s Jianghan Road Pedestrian Street and
Zhongshan Park, shows a good match, as do the
Wangjiawan Area in Hanyang District and the Xudong
Area in Wuchang District. Along the south bank of the
Yangtze River, from Wuluo Road to Luoyu Road, there
is also a notable degree of matching. Furthermore,
the areas surrounding the Yellow Crane Tower, Hobu
Lane, and Tan Hualin area exhibit strong correlations
with the GWR model’s influencing factors and crowd
aggregation. A cluster is formed with Zhangbi Lake
Park at its core. In Hanyang District, a cluster is
formed with Guiyuan Temple at its core. In the East
Lake area, a cluster is formed with Wuhan University,
Hubei Provincial Museum, and Donghu Lake Listening
Scenic Spot at its core. In the area south of the
Yangtze River, the Jiangnan Cluster is formed with

the Yellow Crane Tower, Hobu Lane, and Yangtze
River First Bridge at its core. Additionally, in the
center of Hankou, on the north bank of the Yangtze
River, the Jiangbei Cluster is centered around the
Hankou River Bund and Jianghan Road Pedestrian
Street. Areas with poor matching are scattered along
Metro Line 21, particularly in Hankou’s Jiangan Dis-
trict, and are also found between the Second and
Third Ring Roads in Jianghan District. In Qiaokou
District, they line Jiefang Boulevard. In Hanyang
District, these areas are present except for the
Wangjiawan business district and Zhuankou. Addi-
tionally, they are located on Qingling Street in Hon-
gshan District and throughout Qingshan District. The
distribution and characteristics of these areas may
vary depending on the specific type of area.

This study presents a method to explore the spatial
heterogeneity of urban tourism and the extent of crowd
aggregation by employing the GWR model and big data.
From the urban users’ perspective and considering the
spatial structure of urban tourism, it more intuitively and
clearly identifies the spatial development characteristics of
tourism in each city area, and provide a reference to the
optimization of the spatial structure of urban tourism.
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