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interconnections within defined networks. Our findings distinctly partition the region into two
principal sub-networks: Xinjiang and Tibet, highlighting the geographical segmentation that
potentially impedes comprehensive regional tourism integration. The analysis underscores a
pronounced reliance on transportation, reflecting the inherently multi-destination nature of
border tourism in the area. Key nodes within these networks include Kashgar City and Lhasa City,
serving as central hubs in their respective sub-networks, while Gar County and Hotan County act
as pivotal connectors bridging the two distinct areas. Additionally, Gyirong County, Nyalam
County, and Tashkurgan Tajik Autonomous County are identified as well-developed border
tourism destinations, with Gyirong County and Tashkurgan Tajik Autonomous County possessing
substantial potential to evolve into core border tourism hubs. Drawing on these insights, the study
proposes targeted development strategies to enhance the structure and efficacy of border tourism
on the Qinghai-Tibet Plateau.

1. Introduction

The natural environment and social development of the Qinghai-Tibet Plateau are both unique. It has a total border length of nearly
6000 km, connecting the provinces of Xinjiang, Tibet, Qinghai, Sichuan, Yunnan in China, and neighboring countries including
Kyrgyzstan, Tajikistan, Pakistan, India, Nepal, Bhutan, Afghanistan, Myanmar, and Mongolia. It serves as a national security barrier for
China [1]. In the context of globalization, border regions have become hotspots for national cooperation, communication, and
openness. Border tourism has become an effective means to promote international cooperation, increase income for border residents,
and stimulate economic development in these areas [2-5]. Developing border tourism in the Qinghai-Tibet Plateau can optimize the
industrial structure of border regions, ensure the stability of the border population through tourism, enrich the variety of regional
tourism products, and contribute to the construction of the “Qinghai-Tibet Plateau World Tourism Destination”. It is an important
measure to promote social and economic development in border regions and ensure the stability and long-term prosperity of ethnic
minority areas along the border. However, the research on China’s border tourism has mainly focused on national-level border tourism
destinations or specific regional studies on border tourism spatial structures, tourist flows, development strategies, and regional
systems in Northeast China, Southwest China, Xinjiang, and other regions. There has been no specific research on the Qinghai-Tibet
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Plateau border region [6-13].

The border region of the Qinghai-Tibet Plateau is located on the periphery of China’s economic development space, with relatively
backward social and economic development, and situated at the end of domestic transportation routes. The infrastructure, service
levels, tourism market size, and tourist consumption levels are all at a relatively low level. Compared to all other border regions in
China, except for the Tashkurgan Tajik Autonomous County, the tourism competitiveness of other border counties in the Qinghai-Tibet
Plateau is weak. The comprehensive development index for tourism in all border regions is low [8,11,14]. The characteristics of being
far from central cities and having poor transportation accessibility make tourism in the border regions of the Qinghai-Tibet Plateau
“multi-destination” in nature. In other words, the border regions are one of the destinations for tourists in their travel routes within the
Qinghai-Tibet Plateau, and tourists have to pass through multiple regions to reach the border regions. At the same time, the
multi-destination model can attract more tourists and extend their length of stay. Creating tourist clusters (or connections) can
accelerate the enhancement of the destination’s competitive advantages. Creating scenic clusters (or destinations) that combine
primary and secondary attractions can enhance the overall attractiveness of the region [15]. So, what are the tourism destinations
closely related to the border regions in the Qinghai-Tibet Plateau? What are the connections between these nodes? What are the
characteristics of the border tourism spatial layout structure composed of the border regions and their associated destinations?

To address the aforementioned issue, this study focuses on the border regions of the Qinghai-Tibet Plateau as the research area. It is
important to note that data on border tourism in the Qinghai-Tibet Plateau is scarce, making it challenging to directly obtain statistics
on tourist numbers and tourism revenue. However, geospatial big data provides a rich source of information for analyzing patterns and
behaviors of tourists. The utilization of these extensive datasets enables a comprehensive analysis of the spatial distribution and
temporal variations in tourist activities [16]. And online travel narratives and tourism blogs are a form of geospatial big data; they
reflect tourists’ experiences at specific destinations. These textual sources are vital for comprehending consumer needs and expec-
tations, improving and monitoring destination images, and adjusting competitive strategies [17]. These texts record visitors’ travel
routes, places of stay, and activities, containing a large amount of geotagged geographic data that more accurately reflects the
behavioral characteristics of tourists than traditional statistical data [15,18]. By analyzing geographic data and extracting spatial
interaction information of tourist destinations using machine learning algorithms, the spatial network structure, distribution patterns,
and spatiotemporal evolution of destination networks can be analyzed, which provided new insights into the study of interactions
between tourism destinations [19]. For example, by utilizing geotagged photos from Flickr, a dataset comprising photos taken by
tourists entering Hong Kong was compiled. Density clustering and Markov chain techniques were applied to mine patterns of tourist
behavior, identifying points of interest, travel routes, and times of activities, thus providing practical recommendations for tourism
managers in Hong Kong [20]. By analyzing the visual content of tourist photos at Beijing travel destinations, the behaviors and
perceptions of tourists were explored [21]. Based on the geographic information of the photos, tourist cognitive maps of different
perceived themes were visualized using ArcGIS. Additionally, digital trajectories of urban bicycle travel were used to identify the main
tourist and leisure hotspots in Krakow [22]. A spatial interaction network of tourists’ activities in Huangshan City was constructed
using geotagged data extracted from Weibo, a popular social media platform, and urban tourist areas were divided using community
detection algorithms [23]. The strength of contacts between different cities was explored through regional segmentation, using data
from social media platforms to construct a complex network [24,25].

Network analysis is a research method that focuses on the study of “actors and their relationships” to determine the positions of
actors and the characteristics of their relationships within the network. In the study of the spatial structure in tourism, destinations can
be regarded as nodes in a regional tourism spatial network, and the network is constructed based on the relationships between nodes.
This research aims to uncover the characteristics of the network structure, classify nodes, and examine tourism connections between
them by processing and analyzing network data [26,27].

This study addresses the challenges of researching and developing border tourism on the Qinghai-Tibet Plateau by utilizing a
methodological framework called “node selection-network construction-network analysis” with network travelogue texts as the pri-
mary data source. It employs machine learning techniques to identify tourist “hotspots” in the region and assesses the relational
dynamics among these nodes to construct a network of hotspot connections. The network analysis provides insights into the spatial
structure and characteristics of the nodes. Based on these findings, the study offers strategic recommendations for border tourism
development in the Qinghai-Tibet Plateau.

2. Literature review
2.1. Border tourism

Border tourism can be understood as the collection of all elements of tourism behavior and activities carried out in the “border
area” or “borderline”, which are related to or exist because of the “border” [28]. It is characterized by its high sensitivity to geopolitical
relations and the inherent power barrier of national boundaries, which are referred to as its “political characteristics”. Concurrently, it
exhibits spatial characteristics of “marginality” and “intermittency”. These two distinct features set border tourism apart from both
domestic and international tourism, establishing it as a unique category [29].

“Borders” refer to the political boundaries between nations, serving three primary missions: bordering, ordering, and othering [30,
31]. These boundaries restrict the flow of materials and people across neighboring territories, leading to both political and cultural
isolation. Consequently, border regions exhibit greater “resource heterogeneity” than internal areas and more pronounced “policy
heterogeneity” compared to adjacent countries, which are key drivers for border tourism. For national security, borders serve as a
protective barrier; for the tourism market, they form an integral part of destination marketing; and for border communities, borders
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represent socio-economic assets, such as being a valuable resource for the tourism industry [32]. The development of border tourism is
primarily influenced by international political relations and national policies due to the political nature of borders. The definition of
border tourism varies depending on the specific policies in place, although there is common agreement on two key points: that border
tourism involves departing a country via land travel and that the border area serves as the primary geographic locus for border tourism
activities.

The primary purpose of border tourism is the “cross-border experience”, wherein the ease of clearance and cultural differences play
crucial roles in its development. Border tourism destinations can be classified into four groups based on the ease of crossing the border
and the socio-cultural similarities between the regions. The first group comprises destinations with high border crossing difficulty and
substantial cultural differences, such as Israel and its Arab neighbors. The second group consists of destinations with easy border
crossing but significant cultural disparities, exemplified by Greece and Turkey. The third group pertains to areas with challenging
border crossing but limited cultural variation, like Mongolia and China. Lastly, the fourth group includes regions with low cultural
disparity and effortless border crossing, such as Austria and Germany [33].

In the field of tourism, “border tourism” refers not only to “cross-border tourism” involving travel across national boundaries, but
also to domestic tourist activities that occur within border regions without necessarily crossing borders. Within this context, the
economic development level of the border area, the attractiveness of its tourism resources, and the quality of its tourism infrastructure
are critical factors that influence the growth of border tourism [3,33,34].

There are two primary categories of border tourist attractions. The first category includes the border as a tourist attraction,
encompassing boundary markers, customs buildings, flags, and other border-associated symbols. Additionally, it involves the crossing
experience across varied political, social, and economic domains. The second category includes attractions situated in the border area,
such as natural wonders, world heritage sites, and cultural landscapes. These attractions, while not directly linked to the border, still
hold tourism appeal [33,35]. The differences in social development levels and policy disparities due to political isolation lead to
cross-border movements for purposes like medical treatment and shopping. Despite not primarily intending to engage in tourism,
strategic marketing, promotion, infrastructure, and service provision enable their temporary transformation into border tourists [36].

The term “border tourism” can be more precisely defined as “touristic activities occurring in border regions,” encompassing a
spatial concept that includes not only the border itself but also the adjacent areas [37]. The assessment of potential tourism devel-
opment in border areas and the formulation of corresponding strategies can be accomplished using indicators including the ease of
border crossings, the resource endowment of the border area, service levels, and transportation accessibility. For example, the eval-
uation of tourism destination competitiveness encompasses factors such as tourism appeal, management systems, community
composition, and the assessment of potential collaborative tourism destinations between Slovenia and Croatia. This assessment aims to
investigate the potential for enhancing the competitiveness of tourism in the border regions of both countries through a strategic
approach to planning and managing cross-border tourism destinations [38].

2.2. Social network analysis and tourism destinations

Network analysis serves as a research methodology for examining the relationships among the nodes within sophisticated systems.
Tourism destinations are intricate systems comprising tourism resources, services, public facilities, and socio-cultural activities. In-
teractions arise when a destination’s action prompts responses from others, forming a Network of Tourism Destinations (NTD), a
geographical system of interconnected nodes and connections [39]. From a systemic perspective, tourism can be examined as a series
of interconnected elements, with a focus on the relationships that depict interactions among diverse components of tourism activities,
which are pivotal in tourism research. These relationships significantly influence the planning and management of tourism destina-
tions. Consequently, the use of social network analysis is pivotal in examining diverse relationships within the tourism sector. This
method can reveal the mathematical properties inherent in tourism relationships and shed light on the interconnectedness among
products, destinations, tourist behaviors, and stakeholders in the tourism industry [40].

Research at the micro-level has specifically focused on the interrelationships among stakeholders within tourism destinations. Scott
defined tourism as a complex network of organizations that interact to provide services. They conducted a study using the Gold Coast,
Southern Downs, Wine and High Country, and Great Ocean Road in Australia as case studies to examine the relationships and
structural dynamics of stakeholders within these tourism destinations. The findings suggest that network analysis provides a valuable
tool for comprehending the structure and cohesion of tourism destinations. This method exposes variations in cooperative structures
and inter-organizational cohesion across different types of destinations, while also pinpointing structural deficiencies. These insights
can inform policy development and management practices [41]. Baggio examined both the static structural features of the tourism
stakeholder network in Elba, Italy, and the dynamics pertaining to the dissemination of destination information. The findings
established that stakeholder cohesion and adaptability served to facilitate the process of destination information dissemination [42].

When analysis expands beyond individual destinations, it reveals a wealth of intriguing and unique attributes. Tourist destinations
can be envisioned as networks, with nodes symbolizing tourist attractions and edges indicating the flow of tourists between these
attractions. By analyzing these network structures, it is possible to identify clusters of attractions that tourists frequently visit together.
This insight facilitates the development of destinations tailored to the specific needs of tourists [43]. The examination of
destination-specific features at the mesoscale encompasses multiple destinations within a given region. The findings from this analysis
can be leveraged to improve destination management. It is recommended that governments and tourism organizations allocate
appropriate tourism facilities to destinations based on the network characteristics of the tourism routes, thereby providing a
comprehensive tourism experience [26]. Lee evaluated 43 Korean villages for centrality using GIS and network analysis. Then cate-
gorized the villages based on their centrality to formulate an integrated tourism strategy, considering the available local resources in
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each village [44]. After examining a destination network matrix derived from travel packages offered by different travel agencies,
Hong utilized network analysis to investigate the characteristics of the destination network and the correlation between nodes and
tourist flows. The findings suggest that establishing a hierarchical destination network can reduce competitive intensity among des-
tinations in the tourism market, enhancing the competitive advantage of individual destinations within the network. Furthermore, the
study illustrates a close relationship between node connections among destinations and tourist flows [39]. Wu constructed a spatially
embedded network of popular tourist destinations in Beijing by examining the travel paths of tourists. This involved analyzing the
structural traits of the network and the prominence of specific attractions, leading to the identification of pivotal nodes within the
network. The study’s results provide crucial decision-making support for the development of tourism resources, facilitate the pre-
diction of tourist routes, and aid in the planning of tourist bus routes [45].

Tourists, being the most dynamic and critical actors within the destination system, connected various tourist attractions through
their discretionary consumption behavior and mobility. Consequently, the movement and mobility of tourists constitutes one of the
most significant factors in shaping the network of destination attractions [46]. Additionally, tourists serve as integral stakeholders in
the destination system; destination studies that embrace a tourist perspective can aid in developing a more comprehensive and
nuanced approach to managing destinations [47]. Data derived from tourist-generated travel streams, web content, and other sources
offer new insights for analyzing tourist destination networks.

3. Materials and methods
3.1. Study area

Zhang proposed that the geographic range of the Qinghai-Tibet Plateau extends starting from the northern edge of the Pamir
Plateau, and the northern foothills of the Western Kunlun and Qilian Mountains in the north, extending to the southern foothills of the
Himalayas and other southern mountain ranges, and stretching from the Hindu Kush Mountains and the western edge of the Pamir
Plateau in the west to the eastern extent of the Qilian Mountains and the eastern edge of the Hengduan Mountains in the east [48].
Considering the integrity of administrative divisions, the Qinghai-Tibet Plateau includes six provinces: Qinghai, Yunnan, Gansu,
Xinjiang, and Sichuan, with a total of 216 county-level administrative units (Fig. 1). According to the China’s county-level admin-
istrative unit classification standard, these 216 county-level units can be categorized into four types: city districts, county-level cities,

Torugart
Irkeshtan

Karasu
Khunjerab

Legend Riwu-Chentang
©  Border Port
wws Border Between Countries
Study Area Boundary

Border County
0 250 500 km
I —

Fig. 1. Overview map of the study area (source: created by the author)
The figure represents 216 administrative units at the county level within the research area (Qinghai-Tibet Plateau), with a special emphasis on the
border counties and land ports within the region.



S. Zhang et al. Heliyon 10 (2024) 33260

counties, and autonomous counties. Based on the behavioral characteristics of tourists and the narrative conventions found in trav-
elogue texts, some city districts have been consolidated into urban areas. The consolidation involves merging the “Durlongdeqing
District” “Dazi District” “Chengguan District” into “Lhasa,” as well as merging the “Huangzhong District” “Chengbei District” “Chengxi
District” “Chengzhong District” and “Chengdong District” into “Xining”. Moreover, the “Bayi District” is designated as “Nyingchi”
Therefore, this study includes 210 counties. The term “county” is divided into four types: ! for urban areas, 2 for county-level cities, 3
for counties, and * for autonomous counties [49]. Within the framework of this research, the analysis encompasses a total of 210
counties, of which 28 are border counties. These counties, due to their unique geographic locations, boast rich natural landscapes and a
deep cultural heritage. In the border regions of Tibet, one can find world-renowned natural sites such as Mount Everest and the Yarlung
Tsangpo Grand Canyon. The border counties in Xinjiang, situated on the Pamir Plateau, once served as crucial nodes on the ancient Silk
Road. As such, this area is not only home to numerous peaks exceeding 8000 m but also preserves a wealth of cultural heritage. In
Yunnan Province, the border counties form the core area of the Three Parallel Rivers World Natural Heritage site and serve as cultural
hubs for ethnic minorities such as the Lisu, Derung, and Nu peoples. Gansu’s border counties are known for their expansive grasslands
and Mongolian cultural attributes. The border counties include ten land ports: Zhangmu, Gyirong, Burang, Lizi, Yadong,
Riwu-Chentang, Torugart, Irkeshtam, Khunjerab, and Karasu (Table 1). A land port is defined as a facility equipped with border
control, customs, maritime supervision, health quarantine, animal and plant quarantine, and commodity inspection agencies, along
with other institutions empowered by the state [50].

In China, border tourism refers to organized tourism activities facilitated by approved travel agencies for citizens of China and its
neighboring countries. The participants travel in groups, entering and exiting the country through specified border land ports, and
engage in exploration within the agreed border area and duration, as stipulated by the respective governments [51]. The national
government has introduced the concept of border tourism pilot zones and cross-border tourism cooperation zones to enhance the
development of border tourism. These zones are established based on existing border land ports officially approved by the State
Council for external access, and are authorized to manage the entry and exit of individuals. The People’s Government of the border
counties is designated as the primary authority responsible for the declaration [52]. Ports play a crucial role as the primary entry points
for border tourism in China, with port counties emerging as significant destinations for such tourism [53]. Consequently, the objective
of this research is to pinpoint county-level administrative units that encompass ports and function as destinations for border tourism.
These include Nyalam®, Gyirong®, Burang®, Zhongba®, Dinggye®, Yadong®, Wuqia®, and Tashkurgan®.

3.2. Data source

3.2.1. Data collection and preprocessing

The travelogue text data used in this study primarily originates from two leading online travel service platforms in China: Ctrip
(https://dst.ctrip.com) and Mafengwo (https://www.mafengwo.cn). As of 2020, these platforms have registered user counts of 300
million and 130 million, respectively [54,55]. Their substantial user base provides a rich dataset for this research, ensuring data
breadth and diversity. Ctrip, as China’s largest online travel agency (OTA), offers services such as hotel booking, transport ticketing,
vacation packages, and a platform for sharing travel guides; Mafengwo is characterized by its user-generated content (UGC), fostering
a community for travel sharing.

The active users of these platforms are predominantly between the ages of 30 and 39, accounting for more than 60 % of users, and
are mostly from economically developed regions in China [56]. This demographic profile suggests that the data primarily reflects the
travel behaviors and perceptions of middle-aged, economically capable urban residents. These travelers tend to prefer independent
travel, and their travelogues not only document specific activities and experiences but also their deep impressions and evaluations of
the destinations.

Using Octoparse web scraping software, travelogues were downloaded from the destination search pages of both websites by
entering the names of eight border tourism destinations. For each travelogue, information was collected including travel duration,
number of companions, expenses, travelogue text, and travel dates. A total of 3645 records were obtained; after excluding travelogues
that lacked text, contained advertisements, irrelevant content, or were duplicates, 1296 valid records were compiled.

Table 1

Qinghai-Tibet plateau ports information.
Land crossing port Administrative location Crossing state Neighboring countries
Zhangmu Port Nyalam®, Rikaze City, Tibet Autonomous Region opening Nepal
Gyirong Port Gyirong®, Rikaze City, Tibet Autonomous Region opening Nepal
Burang Prot Burang®, Ali Region, Tibet Autonomous Region opening Nepal
Lizi Port Zhongba®, Rikaze City, Tibet Autonomous Region opening Nepal
Riwu-Chentang Port Dinggye®, Rikaze City, Tibet Autonomous Region to be opened Nepal
Yadong Port Yadong?®, Shigatse Prefecture, Tibet Autonomous Region to be opened India
Torugart Port Wugia®, Kizilsu Kirgiz Autonomous Prefecture, Xinjiang Uygur Autonomous Region opening Kyrgyzstan
Irkeshtam Port Wugqia®, Kizilsu Kirgiz Autonomous Prefecture, Xinjiang Uygur Autonomous Region opening Kyrgyzstan

Tashkurgan®, Kashgar Region, Xinjiang Uygur Autonomous Region opening Pakistan

Khunjerab Port
Karasu Port Tashkurgan®, Kashgar Region, Xinjiang Uygur Autonomous Region opening Tajikistan

Note: This table was created by the author.
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3.2.2. Constructing itemsets from travelogues

In this study, content analysis was applied to extract keywords from the travelogues using ROST CM6 software, which produced a
lexical frequency table that identified high-frequency administrative units. Notably, although “Kashgar'” is not located within the
Qinghai-Tibetan Plateau study area, it emerged as the second most frequently mentioned location, indicating a strong association with
border tourism on the Qinghai-Tibet Plateau. Together with the area’s 210 counties, 10 land ports, and 9 neighboring countries,
Kashgar! forms a critical dataset of key locations. A total of 230 key location names were extracted from the travelogues, with each
travelogue contributing to an itemset comprising locations such as {Site, Site, ..., Site,}. Data consisting solely of a single keyword
was excluded. This process yielded a total of 875 itemsets, which formed the transaction database for Apriori analysis.

3.3. Research methods

3.3.1. Association rules mining

The Apriori algorithm is a widely applied method in machine learning for mining association rules [57], primarily utilized to reveal
frequent co-occurrences among itemsets. This algorithm has found extensive application in the retail sector, aiding in key business
operations such as product pricing, market promotion, and inventory management. Specifically, by identifying products frequently
purchased together, businesses can better understand consumer behavior patterns and optimize their strategic approaches [58]. In
recent years, scholars have begun to explore the integration of the Apriori algorithm with geospatial big data analytics to understand
tourist behaviors and optimize destination management. For instance, a study utilized Wi-Fi tracking data to mine association rules
between different tourist destinations, evaluating their attractiveness based on visitation frequency. This approach provides
data-driven support for developing sustainable tourism management policies [59]. Moreover, by analyzing extensive tourist data, the
Apriori algorithm helps identify potential knowledge and patterns within tourism product development and customer relationship
management [60]. In a study focusing on inbound tourists to China, the algorithm was used to identify co-occurring preference at-
tributes at scenic spots, and based on these attributes, market segmentation was conducted, offering profound insights into the tourism
market [61]. And the Apriori algorithm demonstrates significant potential in uncovering relationships between tourism destinations
and holds value in understanding and promoting the development of rural tourism, among other areas [62]. This method not only
assists researchers in identifying key driving factors but also provides scientific decision-making support for the formulation and
implementation of tourism policies.

By the Apriori algorithm, the data mining process primarily consists of two stages: discovery of frequent itemsets and extraction of
association rules. Frequent itemsets refer to combinations of data items that commonly co-occur within the dataset. These are defined
as the proportion of records in the dataset that contain a specific itemset, calculated as shown in (1) [63]. Association rules, on the
other hand, reveal potential connections between different data items, measured in strength by their confidence, as calculated in (2)
where PUH represents elements occurring in both sets P and H. A higher confidence level indicates a stronger association between two
itemsets [58].

The execution of the Apriori algorithm begins by generating a list of itemsets consisting of single elements, selecting those that meet
a predefined minimum support threshold. Subsequently, the algorithm iteratively generates itemsets containing an increasing number
of elements, again filtering based on the minimum support, and this process continues recursively until no new frequent itemsets can
be generated. Based on these frequent itemsets, the algorithm then generates a list of potential association rules, filtering out strong
association rules that meet the minimum confidence threshold by calculating each rule’s confidence. Through this sequence of steps,
the Apriori algorithm effectively extracts valuable patterns and associations from large datasets, providing insights for in-depth
analysis and decision-making [58].

/ MiNg,00,=0.03 /;) Frequent itemsets generating

/ MiNconfigence=0-4 Association rules mining

{hotspot; } — {hotspot ;}

{hotspot,, } — {hotspot, }

Fig. 2. The approach of association rule mining (source: created by the author)
This figure illustrates the workflow of the Apriori algorithm used in this study.
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Number of occurrences of itemset A

A)= 1

Support(A) Total number of records in the dataset M
. _ __ Support(P UH)

Confidence(P= >H) = Support(P) (2)

In this study, the Apriori algorithm was employed to conduct association rule learning on a collection of 875 travelogue datasets, with
minimum support and confidence thresholds set at 0.03 and 0.4, respectively. The workflow is illustrated in Fig. 2.

3.3.2. Social network analysis

In this study, the Apriori algorithm was utilized to extract association rules from tourism textual data. These rules were subse-
quently converted into nodes and relationships for social network analysis. Specifically, the data derived from the association rule
mining were binarized to indicate the presence or absence of connections between nodes. This transformation facilitated the con-
struction of a tourism hotspots network, represented by a 35 x 35 association matrix. This matrix delineates the key nodes associated
with border tourism in the Qinghai-Tibet Plateau, providing a structured framework for comprehensive social network analysis of
border tourism.

With Ucinet 6, a software for social network analysis, to scrutinize the network structure and the extent of association among
tourism nodes situated on the border of the Qinghai-Tibetan Plateau. The network’s overall characteristics were evaluated using
network density and cohesive subgroups. Additionally, the structural properties of nodes were assessed by nodal centrality [64,65].

(1) Network density

Density is considered the fundamental measure at the network level, reflecting the degree to which nodes in a network are
interconnected. It is calculated by dividing the total number of all two-party relationships present in the network by the maximum
possible number of two-party relationships in the network. The formula for density is expressed as(3). X(i,j) is the number of links
between node i and other nodes; N is the number of network nodes [64].

Do 22 Xij

(2) Cohesive subgroups

The aim of cohesive subgroup analysis is to identify “structural peer groups” within social networks, referring to sets of nodes
exhibiting similar or substitutable connections with other nodes in the network. In this study, we utilize the CONCOR algorithm, which
is based on the node correlation matrix, for conducting cohesive subgroup analysis. Notably, the algorithm de-emphasizes the attri-
butes of individual nodes, instead highlighting the correlation relationships between nodes, allowing for the classification of individual
nodes in the correlation network into clusters with similar structural positions [64].

(4) Nodal centrality

Degree centrality characterizes the number of connections a node has within a network; higher degree centrality signifies a greater
number of associated nodes, reflecting the node’s significance within the network. X;; is the count of connections between node i and
other nodes, g is the total number of nodes in the network. The formula is expressed as(4) [66]:

Cp(N;) = ng:lxu (i#]) N

The concept of betweenness centrality involves the ability to connect nodes that do not have a direct connection. A node with low
degree centrality, but high mediator centrality, acts as a bridge between two separate networks and can potentially act as the sole
conduit between them, thereby exerting significant influence. g (N;) is the number of all paths between points j and k that pass through
point i; gy is the number of paths between j and k. If the betweenness centrality is 0, the value signifies that none of the pathways
between pairs of points in the network traverse through node i. The formula is expressed as(5) [67]:

Gat) = S5 ®)
i 8k

Closeness centrality represents the inverse of the sum of the shortest path lengths between node i and other nodes. It is used to
gauge the distance between node i and other nodes in the network, thereby reflecting the challenge encountered by node i in reaching
these other nodes. A smaller sum of the shortest paths for node i and other nodes corresponds to a larger proximity centrality for node i.
There exists a negative correlation between closeness centrality and the geodesic distance of node i from other nodes. Higher closeness
centrality indicates a shorter path between the node and other nodes, suggesting reduced difficulty in reaching other nodes and a closer
connection with them. The formula is expressed as(6). d(Ni, Nj) is the shortest path between points i and j; g is the total number of nodes
in the network [68].
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1 ..
Cc(Ni):mU#J) (6)

4. Results
4.1. Border tourism hotspots associated network

The frequency of co-occurrence of toponyms can be used to measure the intensity of spatial interaction [69,70]. The confidence
determined by the Apriori algorithm indicates the frequency of co-occurrence of the two keywords in the itemset, which reflects the
correlation between hotspots related to border tourism. As a result, 85 pairs of association relationships were discovered among 35
nodes.

4.1.1. Nodes identification

The 35 nodes identified can be categorized into three types: counties, ports, and countries, as shown in Fig. 3. These nodes represent
hotspots in border tourism narratives, frequently mentioned and significantly associated with other nodes. They encompass 4 coun-
tries, 3 land ports, and 28 counties. Only Tajikistan, Pakistan, India, and Nepal are represented in the network, accounting for 44 % of
the neighboring countries of the Qinghai-Tibetan Plateau. Bhutan, Afghanistan, Myanmar, and Mongolia are absent from the network,
potentially due to the absence of ports. Although Kyrgyzstan features two major land crossing ports, Irkeshtam Port and Torugart Port,
which rank among the highest in annual freight and passenger flows on the Qinghai-Tibetan Plateau [71], it is absent from the linkage
network. This absence may be attributed to the slow development of Kyrgyzstan’s tourism industry and a lack of core natural and
cultural attractions. The three identified land ports, Khunjerab Port, Gyirong Port, and Zhangmu Port, account for 30 % of the total
number of ports, representing a relatively low overall percentage.

The 28 county nodes are distributed across four provinces: Xinjiang, Tibet, Yunnan, and Qinghai, except for Xining' in Qinghai
Province and Shangri-La? in Yunnan Province, which are located outside Xinjiang and Tibet. Despite their distance from port counties,
Xining! and Shangri-La? remain hotspots for border tourism, possibly because these nodes serve as critical hubs in the tourism
transportation network of the Qinghai-Tibet Plateau. When overlaying these 28 counties with the tourism corridors” of the Qinghai-
Tibet Plateau [72], it becomes evident that many nodes are strategically positioned along these corridors, significantly influenced by
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Fig. 3. Spatial distribution of border tourism network nodes (source: created by the author)
The identified 35 nodes are visually displayed using different legends to distinguish the types of nodes, and overlaid with the main “tourism
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its effects. Notably, 21 county nodes are situated along the border line, which relies heavily on China’s longest border highway—the
G219 National Road. This alignment substantiates the correlation between the identified nodes in our analysis and the actual
geographical and infrastructural dynamics observed in the region. This validation underscores the reliability of our methodological
approach in accurately reflecting the existing infrastructure and geographical realities.

4.1.2. Association rules mining

The degree of association between nodes was defined based on the confidence of their relationships, and a spatial visualization was
subsequently performed (Fig. 4). The border tourism hotspots network of the Qinghai-Tibet Plateau is comprised of two distinct sub-
networks: Xinjiang and Tibet. The Xinjiang sub-network includes ten nodes: Kashgar!, Tashkurgan®, Yarkant®, Yecheng®, Hotan®,
Aketedu®, Gar®, Tajikistan, Pakistan, and Khunjerab Port. Except for Gar>, Kashgar® demonstrates a high level of connectivity with the
remaining eight nodes. Gar®, the only county node located in Tibet, shows a limited level of association with Kashgar!, likely due to the
presence of Shiquanhe town in Gar>, which serves as a critical supply node at the intersection of the Xinjiang-Tibet Highway, the Anshi
Highway, the “Hei-Ah” Highway, and the Azhi Highway. Additionally, Shiquanhe plays a vital role in connecting the provinces of
Xinjiang and Tibet through its involvement in the Xinjiang-Tibet Border Tourism Route. Tajikistan and Pakistan display a strong
correlation, suggesting a high likelihood of both countries being mentioned together in travelogues.

The Tibet sub-network consists of 21 counties, 2 ports (Gyirong Port and Zhangmu Port), and 2 countries (Nepal and India).
Gyirong Port and Zhangmu Port have strong associations with Nepal, consistent with their roles as the main terrestrial border entry
points for Nepal. Lhasa! is strongly associated with Lankazi®, Saga®, Damxung®, Karuo?', Lazi®, Gyantse®, Konggar®, Markam?®, and
Nyingchi?, indicating that if a traveler is interested in any of the nine counties, there is more than a 74 % probability they will also be
interested in Lhasal. There are 18 pairs of association rules related to border tourism destinations (Table 2). Excluding Yadongg, the
other four destinations all have a moderate to strong association with Lhasa’, suggesting that most tourists visiting border destinations
pass through Lhasa'. Nyalam?, Gyirong®, and Zhongba® have associations with Nepal, while Burang® and Yadong?® are associated with
India. This suggests that over 50 % of tourists associate these border tourism destinations with the adjacent countries.

4.2. Network analysis

4.2.1. Network density
The connectivity strength of nodes within the tourism network of the Qinghai-Tibetan Plateau and its sub-networks was assessed by
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Fig. 4. Border tourism hotspots network (source: created by the author)
To visualize the 85 pairs of association relationships among 35 nodes identified through the Apriori algorithm, we categorize the nodes into three
types: counties, ports, and neighboring countries. The association relationships are further classified into three levels: low, moderate, and high.
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Table 2

Association rules for border tourism destinations in the Tibet sub-network.
Rule ID Association rules Confidence
1 Gyirong Port=> Gyirong® 1
2 Gyirong®=> Nepal 0.714
3 Nyalam®=> Nepal 0.706
4 Zhongba®=> Lhasa’ 0.686
5 Nyalam®=> Lhasa’ 0.676
6 Zhongba®=> Saga® 0.657
7 Nyalam®=>Gyirong® 0.618
8 Zanda® => Burang® 0.615
9 Burang®=> Lhasa' 0.594
10 Nyalam®=> Zhangmu Port 0.588
11 Zhongba®=> Burang® 0.571
12 Zhangmu Port => Gyirong® 0.569
13 Gyirong®=> Lhasa' 0.548
14 Yadong®=> India 0.541
15 Burang®=> India 0.508
16 Lazi®=> Zhongba® 0.408
17 Nima®=> Burang® 0.407
18 Zhongba®=> Nepal 0.4

Note: This table was created by the author.

calculating the network densities individually (Table 3). The sub-network densities for Xinjiang and Tibet were found to be 0.422 and
0.176, respectively, with a total network density of 0.121. It was observed that the nodes in the sub-network of Xinjiang are more
tightly interconnected, whereas the nodes in the Tibet sub-network exhibit a lower degree of association. Consequently, it appears that
the border tourism network possesses a loose structure and lacks equilibrium. These findings indicate that Xinjiang and Tibet constitute
relatively autonomous networks and have not yet formed a regionalized cross-border tourism destination on a broader scale covering
the entire Qinghai-Tibetan Plateau.

4.2.2. Cohesive subgroups

In a network, two nodes are considered structurally peer-to-peer if their connections with other nodes are identical, and such exact
peer-to-peer relationships rarely occur in empirical data. The purpose of the cohesive subgroups analysis in this study is to assess the
similarity model of pivotal node connections in Qinghai-Tibetan Plateau border tourism using the CONCOR algorithm, followed by the
formation of structurally peer clusters. The outcomes of the analysis are determined by the node’s interaction with the other remaining
nodes within the network, irrespective of whether a direct connection exists between the two nodes.

Using UCINET to analyze the raw data for cohesive subgroups, eight cohesive subgroups were identified within the network,
achieving a high model fit with a coefficient of determination (R-squared) of 0.609 when the segmentation depth was set at 3 (Table 4).
The nodes in the Xinjiang sub-network were organized into subgroups 1 through 4, with both subgroup 3 and subgroup 4 exhibiting an
internal connectivity density of 1.000 (Table 5), indicating dense direct connections within these subgroups. Notably, subgroup 4 is
closely linked to the other three subgroups within the Xinjiang sub-network, suggesting its pivotal role in facilitating associations
among these subgroups.

Within the Tibet sub-network, nodes coalesced into subgroups 5 to 8, all of which demonstrate closely interconnected internal links
and a high level of reciprocity within their node structures. Subgroup 8 is particularly influential, showing strong connections with
other subgroups and playing a significant role within the Tibet sub-network. Subgroup 7 consists of Nepal and its related
nodes—Gyirong Port, Zhangmu Port, Nyalam®, and Gyirong®—forming a tightly knit cluster. Furthermore, Zhongba® and Lhasa’ in
subgroup 8 exhibit strong structural equivalence and are tightly linked to other clusters, benefiting from a network structure ad-
vantageous to tourism centers. Although the nodes in subgroup 7 maintain close internal links and are well-connected to Lhasa! and
Zhongba®, their connections to the broader border tourism system are comparatively weak. This observation suggests that while these
cities are core nodes within the Qinghai-Tibetan Plateau tourism industry, their direct links to border tourism development are not
pronounced.

Table 3
Network and sub-networks density.
Network Nodes Density
Xinjiang sub- Aketedu®, Pakistan, Gar®, Hotan>, Khunjerab Port, Kashgarl, Yarkant®, Tajikistan, Tashkurgan4, Yecheng3 0.422
network
Tibet sub-network ~ Damxung®, Tingri®, Konggar®, Gyirong Port, Gyirong®, Gyantse®, Karuo', Lhasa', Lazi®, Lankazi®, Markam®, Nepal, Nima®, 0.176
Nyalam®, Burang®, Saga®, Sa’gya®, Xining', Shangri-La?, Yadong®, India, Zanda®, Zhangmu Port, Zhongba®, Nyingchi®
Total network - 0.121

Note: This table was created by the author.
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Table 4
Location of cohesive subgroups.
Sub- Cohesive Typical counties
network subgroup
Xinjiang Aketedu®, Yarkant®, Yecheng®

1
2 Hotan®, Gar®

3 Pakistan, Khunjerab Port, Tajikistan
4 Kashgar!, Tashkurgan*

5

Tibet Konggar®, Xining?, Damxung?, India, Shangri-La?, Burang®, Zanda®, Nyingchi', Nima®, Lankazi®, Yadong®, Sa’gya®,
Markam®
6 Sagas, Gyantses, Karuol, Tingriz, Lazi®
7 Gyirong®, Gyirong Port, Nepal, Nyalam®, Zhangmu Port
8 Zhongba®, Lhasa’

Note: This table was created by the author.

Table 5
Density matrix of cohesive subgroups.
1 2 3 4 5 6 7 8

1 0.000 0.000 0.111 1.000 0.000 0.000 0.000 0.000
2 0.000 0.000 0.000 0.500 0.000 0.000 0.000 0.000
3 0.111 0.000 1.000 1.000 0.000 0.000 0.000 0.000
4 1.000 0.500 1.000 1.000 0.000 0.000 0.000 0.000
5 0.000 0.000 0.000 0.000 0.077 0.031 0.015 0.462
6 0.000 0.000 0.000 0.000 0.031 0.900 0.040 0.700
7 0.000 0.000 0.000 0.000 0.015 0.040 0.800 0.600
8 0.000 0.000 0.000 0.000 0.462 0.700 0.600 1.000

Note: This table was created by the author.

4.2.3. Nodal centrality

The centrality level of a node directly correlates with its significance in accessing strategic resources within that network. Degree
centrality measures a node’s ability to form clusters and disseminate information, while closeness centrality evaluates how closely a
node is connected to other nodes within the network. Nodes with high betweenness centrality are located in pivotal positions within
the flow of resources in the network [44,46].

The centrality analysis of network nodes reflects their different functions, while centralization measures the balanced degree of
centrality within the network. Centralization serves as a network analysis index based on node centrality, with larger values indicating
a higher degree of network imbalance. In the context of border tourism, the sub-networks of Xinjiang and Tibet exhibit higher
centralization for point degree centrality, closeness centrality, and betweenness centrality. This observation suggests that these two
sub-networks are more centralized, with significant power disparities between nodes and notable advantages enjoyed by core nodes in

Table 6
Xinjiang sub-network node centrality.
Node Degree Closeness Betweenness Node type
Kashgar?! County
Tashkurgan* County
Tajikistan 5.00 0.077 0.67 Country
Pakistan Country
Khunjerab Port Port
Aketedu3 County
Yarkant3 County
Yecheng 3 County
Hotan3 County
Gar3 County
Descriptive statistics
Mean 3.80 0.070 2.60 -
Standard deviation 2.48 2.482 6.05 -
Network Centralization 72.22% 80.75% 54.22% B

Note: This table was created by the author.
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terms of network location.

The centrality measures, specifically closeness centrality, betweenness centrality, and degree centrality of nodes in the Xinjiang
sub-network, are significantly correlated (Table 6). Kashgar!, Tashkurgan®, and Tajikistan are identified as relatively core nodes within
this network. Both Kashgar' and Tashkurgan* exhibit substantially higher centrality measures compared to other nodes, positioning
them as primary and secondary core nodes, respectively. In contrast, Gar> and Hotan® represent peripheral nodes characterized by
lower centrality values. These nodes maintain minimal connections with other nodes within the sub-network. However, their strategic
geographic locations at the intersection of Xinjiang and Tibet provide potential pathways for enhancing connectivity within the sub-
network. By establishing links with the core nodes, Gar® and Hotan® can incrementally improve their positions within the network’s
structure.

Within the Tibetan sub-network (Table 7), Lhasa! exhibits the highest values for degree centrality, closeness centrality, and
betweenness centrality, underscoring its pivotal role within the network. Nepal and India show significantly higher betweenness
centrality compared to other nodes outside of Lhasa®, with Gyirong® following closely. This highlights the critical function of these
three nodes in facilitating connections among other nodes within the Tibetan sub-network. Saga® emerges as a secondary core within
the network, attributed to its high degree centrality and betweenness centrality. This prominence is due to its strategic location at the
intersection of two major self-driving tour routes in Tibet—G349 National Highway and G219 National Highway. This intersection

Table 7
Tibet sub-network nodal centrality.
Degree Closeness Betweenness Node
Node . . .
centrali centrali centrali e
Thasa I 22,00" TS 0038 N 50975 W Couny
Saga3 8.00 0.024 6.25 County
Nepal 8.00 0.025 21.75 Country
India 6.00 0.024 25.83 Country
Karuo? 5.00 0.022 0.25 County
Gyirong? 5.00 0.023 7.75 County
Tingri3 5.00 0.023 2.25 County
Burang? 5.00 0.023 1.50 County
Nyalam? 5.00 0.023 0.67 County
Gyantses 5.00 0.022 0.25 County
Lazi3 5.00 0.022 0.67 County
Zhongba? 5.00 0.023 2.42 County
Zanda3 4.00 0.022 Port
Zhangmu Port 4.00 0.022 Port
Nima3 3.00 0.022 County
Gyirong Port Port
Damxung? County
Sa'gya3 County
Shangri-La? County
Yadong3 County
Konggar3 0.020 County
Lankazi3 0.020 County
Markam3 0.020 County
Xining! 0.020 County
Nyingchi? 0.020 County

Descriptive statistics

Mean 4.24 0.022 11.20
Standard deviation 4.26 6.864 41.03
Network 80.43% 83.62% 74.94%
Centralization
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makes Saga® a crucial node for connectivity within the region [73].
5. Discussion

In this study, we employed the Apriori algorithm to conduct a comprehensive analysis of travelogue data from tourists visiting the
Qinghai-Tibet Plateau border areas, successfully identifying a series of tourism hotspots and their interrelationships. Subsequently,
using social network analysis, we structured an analysis of these tourism hotspots, aiming to evaluate the development of border
tourism by examining network density, cohesive subgroups, and node centrality. Based on these analyses, targeted development
strategies were proposed.

Despite the Qinghai-Tibet Plateau being a unified geographical entity, its border tourism network distinctly divides into two in-
dependent sub-networks: Xinjiang and Tibet. This segmentation evidently hinders the regional development of tourism on the plateau.
Gar® and Hotan® serve as crucial linkage nodes between these two sub-networks, playing a significant role in the integrated devel-
opment of border tourism across the Xinjiang and Tibet. Additionally, the network’s tourism hotspots are primarily concentrated along
the border transportation corridors, reflecting the strong dependence on transportation and the multi-destination nature of border
tourism on the Qinghai-Tibet Plateau.

Six identified border tourism destinations have significant associations with neighboring countries. Ports in counties such as
Gyirong®, Nyalam®, and Tashkurgan* have become focal points of border tourism, indicating that these counties’ ports are not only
geographical border passageways but also play crucial roles in actual border tourism activities, making them relatively mature tourism
destinations.

Specifically, Gyirong®, with its higher betweenness centrality compared to Nyalam®, exhibits greater developmental potential. This
could be attributed to the severe disruptions to the Zhangmu Port and its transportation facilities caused by the Nepal earthquake,
which led to the temporary closure of the port. During the closure of the Zhangmu Port, the Gyirong Port became the main crossing to
Nepal, thus attracting a significant number of tourists interested in Nepal. By enhancing tourism infrastructure, integrating tourism
resources, and improving external transport accessibility, Gyirong® can effectively leverage its transit capacity to boost the regional
tourism economy and enhance the overall efficacy of the tourism network.

Tashkurgan®, already a secondary core within the Xinjiang sub-network, possesses good transport accessibility and a solid market
size basis. The Khunjerab Port, famously featured in the Chinese movie “Visitors on the Icy Mountain”, is well-known in China and was
the starting point of the Karakoram Highway connecting China to Islamabad, Pakistan. In 2019, the port witnessed 30,332 cross-border
movements, of which 22,809 were travelers, accounting for 75.20 % of the total movements [74]. Based on this foundation, Tash-
kurgan® could enhance its share in the border tourism market by diversifying border tourism products, increasing accessibility to
Khunjerab Port, and improving customs clearance convenience.

Meanwhile, ports in counties like Zhongba®, Burang®, and Yadong® may still be underutilized and undeveloped due to limitations in
transport connectivity, tourism infrastructure, or other factors. However, the reasons these three border counties have become hot-
spots in the network vary. Zhongba® and Burang® have higher centrality and moderate associations with Lhasa®, the tourism center of
Tibet, possibly because they are located along border highways and possess attractive tourism resources. For instance, Zhongba®
contains the Jemayangzong Glacier, the source of the Yarlung Tsangpo River, while Burang® is at the heart of the Gang Rinpoche and
Mapam Yumco sacred mountain and lake tourism area within the Kailash culture zone, recognized as “the center of the world” by
multiple religions including Bon, Tibetan Buddhism, Hinduism, and Jainism. Despite Yadong®s lower centrality and its peripheral
position within the network, its geographical advantage being approximately 100 km from Gangtok, the capital of Sikkim, and its
historical status as Tibet’s most important trading port, continue to attract tourists interested in India. These three counties can
leverage their existing tourist base to attract more visitors for border tourism through enhanced promotional activities and improved
customs convenience. Thus, they could be developed as supplementary, rather than core, border tourism destinations on the Qinghai-
Tibet Plateau.

For other supportive county and city nodes, Lhasa' and Kashgar!, the tourism centers of Tibet and Xinjiang respectively, could
increase accessibility to border tourism destinations and enhance promotion of border tourism at transportation hubs, guiding more
tourists to border areas. Enhanced border tourism promotion in Nima® along the North Xinjiang- Tibet Line, Karuo! at the intersection
of the North Sichuan-Tibet Line and the Tang-Tibet Ancient Road, Markam? at the junction of the South Sichuan-Tibet Line and the
Yunnan-Tibet Line, Nyingchi1 on the South Sichuan-Tibet Line, and major transportation hubs like Xining1 in Qinghai and Shangri—La2
in Yunnan, could attract more self-driving tourists to border tourism destinations.

The Qinghai-Tibet Plateau, with an average altitude exceeding 4000 m, presents harsh natural conditions characterized by thin air
and frequent freeze-thaw disasters. These severe environmental conditions not only increase the difficulty of infrastructure con-
struction but also pose significant challenges to the health of tourists from low-altitude regions. The border counties of this area are
among the least developed in terms of transportation in China, with low accessibility. Tourists can only reach these areas by road, and
most of the border counties have recently constructed roads with poor conditions. For instance, Motuo® was the last county in China to
be accessible by road. The inadequacies in transportation infrastructure pose numerous challenges for tourists in planning and
executing their trips, increasing the complexity and time costs of travel. Despite the unique natural and cultural landscapes that attract
a large number of tourists to the border areas, the inadequate transportation facilities, lack of public transport, and the physical
discomfort caused by the high-altitude environment may lead to negative evaluations from tourists, which could hinder the devel-
opment of tourism in these regions. However, overcoming these challenges can also bring a sense of accomplishment and positive
emotional experiences unique to the border areas. By gaining an in-depth understanding of tourists’ experiences under high-altitude
and poor transportation conditions, more effective tourism development strategies can be formulated. This, in turn, will promote the
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sustainable development of border tourism on the Qinghai-Tibet Plateau.

5.1. Theoretical implications

This study successfully captured the characteristics of border tourism from the tourist perspective by using travelogue texts as the
data source. This approach not only deepens our understanding of tourists’ motivations, behaviors, and experiences but also addresses
the scarcity of tourism data in underdeveloped border areas.

Innovatively, this research combined Apriori association rule mining with social network analysis, using data mining techniques to
identify the focal points of interest among border tourism tourists and the relationships between them. This facilitated the construction
of a relational network for subsequent network analysis. The empirical validation conducted confirms the feasibility and effectiveness
of this approach, providing a new methodological framework for handling and analyzing large volumes of unstructured tourism data.

Furthermore, an in-depth analysis of the network structure and characteristics of border tourism in the Qinghai-Tibet Plateau not
only highlighted the multi-destination nature of border tourism but also provided theoretical support for tourism managers to optimize
the spatial layout of tourism networks, develop regional tourism routes and products, and implement precise destination management
strategies from a network science perspective.

5.2. Managerial implications

Firstly, by identifying highly focused border tourism destinations and their associated nodes, tourism managers can more accu-
rately understand market demands and tourist behaviors, optimizing the spatial layout of the Qinghai-Tibetan Plateau border tourism
network.

From a regional development perspective, tourism managers can leverage the findings of this study to introduce more targeted
tourism routes and products. Integrating tourism resources from different destinations to create distinctive routes not only meets the
diverse needs of tourists but also enhances the overall competitiveness of border tourism.

Additionally, by analyzing tourists’ points of interest and behavioral patterns in-depth, managers can implement more targeted
measures, such as strengthening infrastructure, enhancing service quality, and organizing unique activities. These efforts aim to
improve the overall tourist experience and satisfaction levels.

This article focuses solely on the content of travel notes from Chinese travel social networking sites, overlooking the preferences of
overseas cross-border tourists to the Qinghai-Tibet Plateau. Additionally, the analyzed travel notes are predominantly written by
independent travelers, most of whom are young people from economically developed areas, hence the research results more reflect the
travel preferences and experiences of this specific group. The hotspots network is an undirected symmetric network. Incorporating
tourism flow data could establish a directed network, potentially leading to different analytical results. Selecting alternative research
domains for comparative analysis could provide a more objective depiction of the development level of border tourism on the Qinghai-
Tibet Plateau in China and facilitate the proposal of more rational development strategies at the national level. Future research should
aim to address the unexplored aspects of this article, strengthen the theoretical foundation of border tourism research, and propose
more pragmatic border tourism development strategies.

6. Conclusions

This study presents an innovative methodology by integrating Apriori association rule mining with social network analysis to
examine border tourism through travelogue texts, particularly focusing on the Qinghai-Tibet Plateau. The approach not only provides
a deeper understanding of tourist behaviors and motivations but also creates a theoretical framework for analyzing tourism text data
effectively. Findings from this research are significant for tourism managers, offering insights into optimizing the spatial layout and
enhancing the competitiveness of border tourism destinations.

(1) Network Structure Identification and Analysis. The border tourism network of the Qinghai-Tibetan Plateau is divided into two
independent sub-networks: Xinjiang and Tibet. Gar®> and Hotan® serve as key linkage nodes between these networks, playing a
significant role in integrating tourism between Xinjiang and Tibet.

(2) Characteristics of Border Tourism Hotspots. The hotspots are primarily concentrated near transportation corridors, indicating
that the development of border tourism heavily depends on transport hubs. Additionally, the distribution of these hotspots
reveals the multi-destination nature of the tourism chain within border areas.

(3) Development Potential of Destinations. Gyirong® and Tashkurgan®, as core destinations for border tourism on the Qinghai-Tibet

Plateau, have excellent foundational strengths and significant development potential. Optimizing border management pro-

cesses, simplifying visa and customs procedures, enhancing port accessibility and ease of passage, and establishing multilateral

tourism cooperation agreements to jointly develop cross-border tourism products can effectively enhance the attractiveness of
these areas and transform them into regional tourism hubs.

Potential Tourism Destinations. Zhongba®, Burang®, and Yadong® have not yet fully realized their border tourism potential due

to limitations such as the extent of port openness. These areas could gradually enhance their tourism appeal through policy

support and infrastructure investment.

(4

—
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(5) Regional Development Strategies. Increasing the convenience of travel from Lhasa! and Kashgar! to border destinations and
enhancing tourism promotion at major transportation nodes can attract more visitors to these locations, thereby boosting
regional tourism flow and economic benefits.

This study has several limitations. Firstly, it focuses solely on travelogue content from Chinese tourism social media platforms,
overlooking the preferences of international tourists towards the Qinghai-Tibet Plateau. Additionally, the analyzed travelogues are
primarily written by independent travelers, most of whom are young individuals from economically developed regions, resulting in
findings that predominantly reflect the preferences and experiences of this specific group. The hotspots network is an undirected and
symmetric network; incorporating tourism flow data to establish a directed network could yield different analytical outcomes. Sec-
ondly, the study’s scope is limited; selecting other research areas for comparative analysis with the Qinghai-Tibet Plateau could
provide a more objective description of the development level of border tourism in the region, aiding in the formulation of more
rational development strategies at the national level. Lastly, the study’s content is limited as it focuses only on the place names
mentioned in the travelogue texts. Further analysis of destination evaluations, tourists’ feelings, and other related information in the
travelogues would help clarify the motivations, needs, and experiences of border tourists. Future research should address these un-
explored areas, strengthening the theoretical foundation of border tourism research and proposing more practical development
strategies for border tourism.
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