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Abstract 

This study investigates the evolution of the structures of China’s domestic intercity tour-
ism information flow networks, an increasingly important issue in an information-driven 
society. Moving beyond prior research that primarily emphasizes urban node attributes 
and multidimensional distances, this study applies social network analysis to develop an 
integrated analytical framework that incorporates endogenous structural effects, exoge-
nous network effects, node attributes, and similarity effects. Using tourism information 
flows in China as an empirical proxy, the study examines the mechanisms underlying the 
formation and persistence of intercity relationships within the country. The results indi-
cate that the self-organization of microscopic network structures plays a significant role 
in both tie formation and persistence, particularly through reciprocity, cyclicity, and con-
vergence. Notably, the effect of cyclicity reversed during the COVID-19 pandemic and 
changed direction from relationship formation to persistence. In addition, cultural dis-
tance (proxied by dialect distance), geographical distance, and institutional distance sig-
nificantly inhibit both the formation and persistence of intercity tourism information 
flows. Changes in urban node scale and node similarity also exert significant influences 
on network evolution. This study deepens the understanding of the spatial structural dy-
namics of China’s domestic intercity tourism information flows and provides a conceptual 
basis for future research on the evolutionary mechanisms of tourism network structures 
within a domestic context. Its direct significance lies in promoting sustainable urban tour-
ism development, network resilience, and adaptive governance of urban systems. 

Keywords: social network analysis; network structure; intercity tourism information flow 
network; exponential random graph model (ERGM) 
 

1. Introduction 
Intercity information flow networks represent a critical component of urban net-

works. In the information era, these networks are intrinsically significant for research, as 
they represent both the intensity of informational connectivity between cities and the spa-
tial system of the intercity information flow network. The intensification of regional soci-
oeconomic interactions and the large-scale development of high-speed transportation 
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infrastructure have led to a dramatic surge in the spatial connectivity of intercity factor 
flows in China. Concurrently, spatial organizational structures have exhibited increas-
ingly intensified spatiotemporal dynamics and progressively more salient complex net-
work characteristics. Cities serve as the fundamental geographic and analytical units for 
factor agglomeration and socioeconomic innovation activities. By treating cities as net-
work nodes and using the direction and intensity of information flows to represent net-
work connections, an intercity information flow network is formed. 

Tourism information flow refers to the process of information dissemination and ac-
quisition generated by tourism activities within a tourism system. It involves the integra-
tion of and feedback between information from the demand and supply sides, with its 
core residing in the information flows shaped by tourist behavior. In the context of the 
rapidly evolving Internet, search-based tourism information flow constitutes a directional 
relational flow formed when tourists in origin regions actively acquire destination infor-
mation through search engines [1,2]. It reflects a unidirectional flow of information and 
attentional relationships rather than a genuine bidirectional exchange of information be-
tween cities. To a certain extent, tourism information flow can be regarded as an objective 
spatial manifestation of information flows triggered by tourism-related search behavior 
[3]. In recent years, a number of studies in tourism forecasting and network analysis have 
adopted search data-based approaches to measure tourism information flows. The result-
ing networks are commonly referred to as “tourism information flow networks” [4–6]. In 
the information age, tourists have become increasingly dependent on Internet searches to 
obtain information on travel destinations. Consequently, the volume and intensity of tour-
ism information flows between origins and destinations have increased significantly, 
leading to increasingly complex network structures. Therefore, research on intercity tour-
ism information flow networks enhances our understanding of information transmission 
and influence mechanisms in tourism [7], thereby offering valuable insights for tourism 
planning and management decision-making. 

Tourists’ search behavior, which signals travel intention and correlates strongly with 
actual tourist flows, has been shown to hold significant predictive power [8]. As a pre-
travel activity, tourists’ information searches about destinations enable search index-
based tourism information flow to reflect the actual dynamics of tourist flows objectively 
and in a timely manner. The search index exhibits a “precursor effect”, demonstrating 
high accuracy and reliability in reflecting tourism demand trends. It also serves as an ef-
fective indicator of the strength of tourism connections between regions [9,10]. Conse-
quently, the online information search behavior of tourists with respect to various desti-
nations has received increasing academic interest [7]. Despite a certain discrepancy with 
the actual number of tourists, Huang et al. reported a positive correlation between the 
increase in the keyword search index and the increase in destination tourist volume [11]. 
Although information flows are virtual, their accuracy and scientific value in reflecting 
tourists’ destination choice intentions, preferences, and related trends and intensity have 
led to their adoption in existing research. Specifically, existing studies have utilized net-
work web search engine data and have employed various predictive models to forecast 
tourism demand [12,13] and tourism flow networks [14]. These studies have also provided 
important insights for tourist destinations to identify potential visitor choices and assess 
the intensity of travel demand. As a reflection of actual tourist flows, tourism information 
flows likewise evolve across spatiotemporal scales [6] and have been demonstrated to in-
fluence tourism economic linkages, generating regional spatial spillover effects [1]. How-
ever, existing research has predominantly focused on the utility and impacts of tourism 
information flows. Although these flows are derived from search behaviors, it remains 
unclear whether they emerge randomly or are shaped by specific influencing factors—a 
question that has yet to be explored systematically. 
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To explore the driving mechanisms of structural evolution in intercity tourism infor-
mation flow networks, this study disaggregates the evolution of network structure into 
two distinct processes: the formation of new network ties and the persistence of existing 
ones. Using the Baidu search index as an empirical proxy, this study empirically examines 
the mechanisms influencing the structural evolution of China’s intercity tourism infor-
mation flow networks from 2016 to 2023. From the perspective of sustainable develop-
ment, the structural characteristics and evolutionary patterns of intercity tourism infor-
mation flow networks are closely associated with cities’ capacities for coordinated devel-
opment, resource allocation efficiency, and adaptive ability to respond to sudden shocks. 
Therefore, clarifying the underlying driving mechanisms is of significant practical im-
portance for promoting intercity tourism collaborative governance and for formulating 
sustainable regional tourism development policies. 

The key innovations of this study are as follows: First, while the vast majority of the 
literature has employed econometric models to investigate the mechanisms influencing 
changes in the strength of tourism information flow ties, this study adopts a network re-
search perspective. It decomposes the evolution of intercity tourism information flow re-
lationships into two distinct processes, namely, tie formation and tie persistence, thereby 
revealing the mechanisms influencing the evolution of the network structure and broad-
ening the research perspective on intercity tourism information flow networks. Second, 
previous studies have focused on the impact of exogenous effects on the structural evolu-
tion of the networks, largely neglecting the role of endogenous factors. Endogenous fac-
tors in networks originate from their own evolutionary process and are independent of 
nodal attribute characteristics or the differences between nodes. They refer to the influence 
of specific microscopic topological structures on the evolution of the network, reflecting 
its self-organizing effects [15]. To fill this gap, this study examines the influences of the 
network’s intrinsic local topological structure on the evolution of the intercity tourism 
information flow network and the mechanisms underlying these effects. 

2. Research Framework 
In recent years, network analysis methods have been increasingly applied to the 

study of tourism systems [9,16]. In particular, in research on intercity tourism information 
flow networks constructed using digital footprint data, scholars have gradually shifted 
from static structural descriptions to the analysis of dynamic evolutionary mechanisms 
[17,18]. Since 2020, under external shocks such as the COVID-19 pandemic, related re-
search further emphasized the structural reconfiguration and recovery paths of both ac-
tual tourism flow and information flow networks [6], and revealed the adjustment and 
evolution characteristics of the network structure at different stages [19]. For instance, 
Zhao et al. analyzed changes in tourism network structures before and after the pandemic 
using search behavior data, and employed dynamic network models to characterize the 
mechanisms underlying tie formation and reinforcement [18]. However, existing research 
remains largely focused on structural description or on the analysis of individual driving 
factors. At the intercity scale in China, studies that systematically integrate endogenous 
structural mechanisms and exogenous environmental factors within a unified dynamic 
modeling framework remain relatively scarce. Unlike traditional approaches based on 
gravity models or regression analysis, dynamic network models can distinguish between 
tie formation and tie persistence processes [20], capturing edge and path dependence 
characteristics, and thereby uncovering the micro-mechanisms underlying structural net-
work evolution. Therefore, the introduction of dynamic network analysis methods into 
the study of intercity tourism information flow networks is of significant theoretical value 
and methodological importance for the systematic identification of the driving mecha-
nisms underlying their structural evolution. 
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To elucidate the mechanisms influencing the spatial structural evolution of intercity 
tourism information flow networks, this study decomposes the network relationships of 
tourism information flow into two dynamic evolutionary processes: tie formation and tie 
persistence. This research further determines the formation and persistence of the tourism 
information flow relationships between cities on the basis of the presence of large-scale or 
specific-scale (i.e., meeting a certain threshold) tourism information flows. Specifically, the 
“tie formation” process captures the state of the relationship between previously uncon-
nected node pairs after a certain period: whether a relationship forms or does not form. 
Accordingly, the “tie persistence” process captures the outcomes of preexisting relation-
ships: whether the relationship persists or dissolves over time. As illustrated in Figure 1, 
this encompasses the “Formation” of new network ties and the “Persistence” of preexist-
ing ones. Specifically, the formation network is defined as Y+ = Yt ∪ Yt + 1, meaning that if 
new network ties are formed in period t + 1, Y+ incorporates these new ties. Conversely, 
the dissolution network is defined as Y− = Yt ∩ Yt + 1, indicating that Y− contains only the 
remaining ties if any network ties are dissolved in period t + 1. 

 

Figure 1. Schematic diagram of social network structural evolution. 

This study employs social network analysis to construct an analytical framework for 
investigating the mechanisms influencing network evolution. Social network theory con-
ceptualizes social relationships among actors or network nodes as a relatively stable sys-
tem, where network ties serve as the fundamental elements reflecting interconnections 
among actors. The evolution of network ties is simultaneously influenced by three funda-
mental forces: the endogenous local structures within the network itself, the attributes of 
the actors within the network, and other relational dynamics among network actors [21]. 
Thus, in the analytical model of the mechanisms influencing the structural evolution of 
intercity tourism information flow networks, the effect functions can be categorized into 
three types: endogenous structure effects, exogenous network effects, and node attribute 
effects, as shown in Table 1. 

Table 1. Effect functions and variable explanations. 

Effects and Variable Names Diagram Explanation of Variables 

Endogenous structure 
effects 

Density 
(edges)  

Reflects the tendency of new connections estab-
lished between network nodes. 

Reciprocity 
(mutual)  Do cities tend to establish bidirectional linkages? 
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Cyclicity 
(ctriple) 

 

Cyclic relationships among three nodes in the net-
work: node i connects to node j, node j connects to 
node k, and node k connects to node i. 

In-3-star  
(istar3) 

 

The convergence of a network, i.e., the presence of 
cities with high in-degree values in the network. 

Exogenous 
network effects 

Network Tie 
(edgecov)  

Are cities with similar or dissimilar X attributes 
more likely to establish ties? 

Node attribute 
effects 

Sender 
(nodeocov)  

Are cities with a higher X attribute more likely to 
send more network ties? 

Receiver 
(nodeicov)  

Are cities with a higher X attribute more likely to 
receive more network ties? 

Homophily 
(absdif)  

Are cities with greater attribute differences more 
likely to establish ties? 

Note:  stands for city nodes,  represents cities with robust attributes, while  and  
denote different types of network connections, where the arrows indicate direction. ① Endogenous structure effects. In social networks, structural factors primarily elu-
cidate the influence of local configurations within the network itself on network relation-
ships [22], reflecting the impact of endogenous effects on the evolution of the network 
structure. These factors emphasize that network ties can emerge through self-organiza-
tion. In other words, the emergence of network edges often facilitates the formation of 
other edges in the network, or conversely, the evolution of these edges themselves is in-
fluenced by other edges, demonstrating the interdependence of network edges (relation-
ships). Since such factors affecting network edges do not involve the intrinsic attribute 
characteristics of nodes themselves or other exogenous factors regarding internodal rela-
tionships, they are thus termed “pure structural” effects on networks. It is highly likely 
that such relational dependence exists in the evolution of intercity tourism information 
flow network structures. Numerous studies have demonstrated that triadic structures—
the relational patterns among three nodes—facilitate relationship transitivity in social net-
works. This is because, in social networks, the presence of a common third party can in-
crease mutual trust and familiarity and is conducive to mutual monitoring [20]. In inter-
city tourism information flow networks, if two cities that have tourism information flows 
with the same common third city also establish a direct tourism information flow between 
themselves, this indicates the presence of transitivity in the tourism information flow net-
work, driven by their dependency on this common third party. ② Exogenous network effects. Interactor relational factors account for the influence 
of other network relationships between individuals on the target network relationship. 
Such factors are typically incorporated into models in the form of dyadic relational co-
variates. Since different network relationships between nodes often exhibit symbiotic phe-
nomena, other exogenous relational network factors between nodes also influence the 
evolution of the network structure. Existing research predominantly employs the concepts 
of “proximity” or “distance” as indicators to measure specific internodal relationships 
within networks; these concepts encompass multiple dimensions such as spatial, institu-
tional, cognitive, and economic aspects. For example, existing studies have indicated that, 
in addition to the push effects of origin areas and the pull effects of destinations, the “prox-
imity” or “distance” of attribute characteristics between two locations can serve as a me-
diating force—either facilitating or constraining tourist flows between origin and destina-
tion areas [23]. ③ Node attribute effects. Actor attribute factors elucidate whether an individual’s 
intrinsic endowments facilitate the establishment of target relationships with other indi-
viduals. In social network analysis, network nodes are regarded as sets of actors. The 
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attributes of the actors themselves influence whether they participate in the network and 
thus play a role. Specifically, the higher the value of a certain attribute of an actor is, the 
more it facilitates the process of attracting other actors to establish network connections 
with them (main effect); alternatively, the closer the values of a certain attribute between 
two actors are, the more likely they are to form network relationships compared to other 
pairs of actors (homophily effect). For example, in intercity tourism information flow net-
works, residents of cities with higher economic development levels have a greater capac-
ity to fulfill their travel needs, which leads to a stronger intention to travel. On the desti-
nation side, tourism resource endowment serves as a critical attraction factor that signifi-
cantly influences tourist volume. 

Moreover, social network theory emphasizes the homophily of actor attributes, sug-
gesting that actors are more inclined to establish or maintain relationships with others 
who are similar to themselves. The effect of this “homophily” characteristic has been em-
pirically validated in networks such as intercity innovation collaboration networks and 
technological cooperation networks [24]. Homophily facilitates mutual monitoring and 
knowledge sharing among actors, reduces collaborative barriers, and thereby promotes 
the evolution of network relationships. However, in tourism activities, the pursuit of nov-
elty is among the primary motivations that drive tourists to travel. Consequently, ho-
mophily in city attributes does not necessarily promote the formation of intercity tourism 
information flow network relationships. 

3. Research Data and Research Methods 
3.1. Research Data 

The Baidu Search Index (http://index.baidu.com) on which this study relies is based 
on the search volume generated by netizens on Baidu. It employs the keyword search 
function of the Baidu search engine to scientifically calculate the weighted aggregate of 
search frequencies for specific keywords across distinct periods. By the end of 2024, 
China’s internet penetration rate had reached 78.6%. Among the market share of search 
engines in China, Baidu’s market share averaged 60.87% [25]. The Baidu Index platform 
enables the accurate and rapid acquisition of the level of attention from origin regions to 
destination cities, serving as an indirect measure of tourist flows between cities [26]. 

The data referenced in this study were collected following a series of specific steps: 
Using prefecture-level cities in mainland China (excluding Hong Kong, Macao, and Tai-
wan) as the units of analysis, the search keyword “city name + tourism” was selected. The 
obtained Baidu Search Index data were utilized to represent the tourism information flow 
between any two cities. A total of 353 prefecture-level cities’ Baidu Search Index data were 
collected. Furthermore, with respect to the temporal scope, this study collected data span-
ning eight full natural years from 2016 to 2023. Owing to disparities in data sources, the 
Baidu Search Index from both the PC and mobile platforms was acquired, and the daily 
average values of tourism attention for each city were calculated annually. 

In this study, an annual directed and weighted intercity tourism information flow 
network with dimensions of 353 × 353 is constructed for each year from 2016 to 2023, em-
ploying 353 prefecture-level administrative divisions as network nodes and the Baidu 
Search Index as a proxy for network edge weights. Specifically, an asymmetric valued 
matrix is used to represent the network, where rows correspond to origin cities, columns 
correspond to destination cities, and each matrix element Rij denotes the intensity of tour-
ism information flow from city i to city j. Since intracity tourism information flows are not 
considered, all diagonal elements of the matrix are assigned a value of zero (Equation (1)). 
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To depict the structural characteristics of the network clearly, this study draws on 
existing research by selecting the top 10% of intercity tourism information flows as the 
primary analysis subject [18]. Furthermore, the top 10% of tourism flow data for 2016 
served as the baseline. Using the natural breaks classification method (Jenks), these data 
were divided into four tiers. The thresholds determined from this classification were then 
applied uniformly to data from other years to facilitate temporal comparison. It should be 
noted that this top 10% threshold is employed solely for network visualization purposes 
and is not applied in subsequent model analyses. The results, shown in Figure 2, reveal 
significant differences in the spatial pattern and connection density of the intercity tourism 
information flow network across different years. From 2016 to 2019 (Figure 2a–d), me-
dium- and high-intensity intercity tourism information flow linkages increased steadily. 
During the 2020–2022 period (Figure 2e–g), the tie strength and spatial extent of the tour-
ism information flow network noticeably contracted because of the impact of the COVID-
19 pandemic. In 2023 (Figure 2h), following the comprehensive lifting of pandemic control 
policies, the strength of tourism information flows rebounded substantially; however, the 
network structure had not yet fully reverted to the pre-pandemic characteristic “dia-
mond” pattern. Additionally, high-intensity linkages were primarily associated with 
flows from eastern and central origin regions toward western destinations. This pattern 
reflects a shift in residents’ travel preferences and motivations. 

 

Figure 2. Intercity tourism information flow networks for 2016 to 2023. 

3.2. Research Methods 

The exponential random graph model (ERGM), which originates from analytical 
methods in the field of social networks, is designed to explore the mechanisms influencing 
the formation of network ties. It is based on the interdependence among network ties—
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meaning that the formation of one tie may be influenced by the presence of others—and 
employs hypothesized variables and simulation techniques to assess the goodness-of-fit 
between the simulated network generated by the model and the empirically observed net-
work [27]. The ERGM exhibits strong inclusivity with respect to the complex and multi-
type influencing factors contained in social network relationships. It can simultaneously 
consider the effects of endogenous structural variables specific to the network, nodal at-
tribute variables, and exogenous relational variables between nodes on the observed net-
work ties. 

As the ERGM is designed for static network analysis, it cannot reveal the mechanisms 
underlying dynamic changes in network structure. Moreover, given that the factors influ-
encing tie formation differ from those influencing tie persistence [28,29], Krivitsky and 
Handcock [30] proposed the separable temporal exponential random graph model 
(STERGM). This model can be used with multiperiod network data to more effectively 
identify these distinct influences in the evolution of population mobility networks. 

On the basis of the STERGM framework, the models for tie formation and tie persis-
tence are formally expressed as follows: 

( ) θ
++ + +

+

 = =  
 

( )t 1 {( ) }yt
A APr Y y Y exp g

k
 (2)

( ) ( )t 1 {( ) }yt
A APr Y y Y exp g

k
θ

−− − −
−

 = =  
 

 (3)

where k+ and k− are normalization parameters ensuring that the sum of all probability val-

ues equals 1; 𝜃஺ା  and g ஺(௬శ)  denote the parameters and statistics for the tie formation 

model, respectively; and 𝜃஺ି  and g ஺(௬ష) represent the parameters and statistics for the tie 
persistence model, respectively. The direction and magnitude of the parameters indicate 
the degree of influence and trend of the selected factors on the evolution of the network 
structure. 

In previous studies, binary thresholds were typically set on the basis of the associa-
tive characteristics of the investigated networks [31]. Flows exceeding this threshold were 
assigned a value of 1 (indicating the presence of large-scale tourism information flows), 
while those falling below were assigned 0, thereby filtering out low-volume relational 
pathways. 

It should be noted that no unified standard currently exists for binary threshold se-
lection in STERGM [32]. The median is selected as the threshold for binarization in this 
study on the basis of the following considerations. First, as a measure of central tendency 
in the distribution of flow intensity, the median effectively differentiates between pairs 
with relatively high and low levels of flow intensity. Network connectivity is preserved 
while the interference of low-intensity ties in identifying network structures is reduced, 
thereby highlighting the backbone connections within the network. Second, the median is 
insensitive to extreme values and provides a more stable representation of the overall dis-
tribution of edge weights. This approach has been widely adopted in social network re-
search for the binarization of weighted networks [33,34]. Furthermore, to assess the ro-
bustness of the threshold selection, sensitivity analyses are conducted using the 25th per-
centile and the 75th percentile as alternative thresholds. 

3.3. Variable Setting 

Building on the strengths of ERGM, this study comprehensively considers multiple 
types of factors influencing the structural evolution of intercity tourism information flow 
networks. 
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① Endogenous structure effects. In this study, density (edges), reciprocity (mutual), 
cyclicity (ctriple), and in-3-star (istar3) in the network structure are incorporated into the 
model as detection variables for the endogenous structural mechanism of the evolution of 
the intercity tourism information flow network structure. This approach aims to investi-
gate whether the structural evolution of the network exhibits characteristics such as reci-
procity, circularity, and convergence. The “edges” function is analogous to the intercept 
term in linear regression. The “mutual” refers to the process in a directed network 
whereby the initiation of a relationship between a pair of nodes facilitates the reciproca-
tion of that relationship, manifesting as a bidirectional and reciprocal interplay of connec-
tions between network nodes. The “ctriple” examines whether the network exhibits closed 
triangular clustering relationships. The “istar3” investigates the convergence of relation-
ships in intercity tourism information flow networks, reflecting the agglomeration func-
tion of core nodes during structural evolution. Nodes in core positions typically command 
more resources and information, resulting in higher popularity. ② Exogenous network effects. Dialect distance, geographical distance, and institu-
tional distance were selected as the metric variables for exogenous nodal relational effects 
in this study’s network analysis. First, cultural distance influences tourists’ destination 
choice preferences. Linguistic similarity facilitates tourists’ communication with locals in 
cross-cultural contexts, which not only reduces transaction costs but also enhances oppor-
tunities for cross-cultural interaction while simultaneously providing them with a sense 
of comfort and warmth [35]. Culture is a concept that is difficult to quantify. However, 
extensive anthropological and sociological literature suggests that language and culture 
evolve in parallel, with language serving as the most powerful marker of cultural identity 
[36,37]. Building on the literature [38], this study refers to the Language Atlas of China 
(2nd Edition, Chinese Dialects Volume) [39] to assign values from 1 to 5 to linguistic di-
vergence, in which context ascending values indicate increasing divergence. Specifically, 
(i) Cities that are located within the same dialect subdivision and subzone are assigned a 
cultural distance value of 1. (ii) Cities that are located within the same language division 
but distinct subzones are assigned a value of 2. (iii) Cities that are situated in different 
Mandarin-speaking areas receive a value of 3. (iv) Cities that are located between Manda-
rin and non-Mandarin areas are assigned a value of 4. (v) All remaining city pairs are 
assigned a value of 5. These intercity linguistic relationships are subsequently trans-
formed into an undirected weighted network. 

Second, geographical distance is a critical factor influencing tourism demand. Ac-
cording to distance decay theory, increased spatial distance between regions diminishes 
the reach of tourism information; simultaneously, greater geographical distance increases 
the time and economic costs associated with travel. 

Finally, institutional distance has either inhibitory or stimulating effects on tourist 
behaviors. Institutions refer to the rules—encompassing laws, social norms, and cultural 
customs—that govern actors’ conduct. On the one hand, tourists from institutionally prox-
imate regions communicate more easily and achieve higher efficiency in information ex-
change, thereby reducing travel costs; on the other hand, tourists originating from areas 
with significant institutional differences face higher travel risks and an increased likeli-
hood of conflict with destinations, thereby suppressing the potential for tourism interac-
tion [40]. ③ Node attribute effects. On the basis of the push–pull theory, this study separately 
considers both the push effects of the origin and the pull effects of the destination on tour-
ism information flows, thereby distinguishing between the sender effect and receiver ef-
fect of nodal attributes in the model. Existing research analyzing the structural character-
istics of tourism information flows has shown that few cities possess the dual attributes of 
both tourist origins and destinations [6]. 
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On the origin side, higher levels of economic development correlate with greater 
population consumption capacity and stronger travel intention during leisure time. Thus, 
gross domestic product per capita (per_GDP), total retail sales of consumer goods (sale), 
and urban population (population) were selected as measurable indicators for sender ef-
fects. On the destination side, cities endowed with abundant tourism resources and high-
quality tourism services exhibit greater attractiveness to tourists, resulting in a broader 
tourism market [41]. Accordingly, this study selects the number of 5A-level tourist attrac-
tions (5A) and the number of A-level tourist attractions (A) as measurable indicators for 
sender effects. The number of tourists received by the city in the previous year (tourist) is 
also incorporated to reflect the path dependence effect in destination choice. In summary, 
this study selects urban economic development levels and tourism resource factors to ex-
amine the influence of nodal attributes on the evolution of intercity tourism information 
flow network from both the push effects of origins and the pull effects of destinations. 
Furthermore, since the generation of tourism information flows involves both nodes, dif-
ferences in their attributes may also affect the formation of ties. Therefore, the homophily 
of nodal attributes was also incorporated into the model. 

As shown in Table 2, the data for the urban attribute-related variables were sourced 
primarily from the China City Statistical Yearbook and the Statistical Bulletin of National 
Economic and Social Development for various years, as well as official statistical docu-
ments released by municipal governments. 

Table 2. Variable specification. 

Variables Symbol Unit Variable Specification and Source 

Dialect Distance culture *  
Indicating the degree of dialectal divergence be-
tween cities, sourced from the Language Atlas of 

China. 

Geographical Distance distance * Thousand kilo-
meters 

Actual intercity driving distance obtained from 
Amap. 

Institutional Distance boundary *  Whether two cities belong to the same province 
(yes = 1, no = 2). 

Number of 5A-level Tourist At-
tractions 5A  

Data from the official website of the Ministry of 
Culture and Tourism 

Number of A-level Tourist Attrac-
tions 

A  Data from the official website of the Ministry of 
Culture and Tourism 

Tourist Popularity tourist * Million person-
times Source: China City Statistical Yearbook. 

Gross Domestic Product per Cap-
ita per_GDP * Yuan Source: China City Statistical Yearbook. 

Total Retail Sales of Consumer 
Goods 

sale * Ten thousand 
yuan 

Source: China City Statistical Yearbook. 

Urban Population population * Person-time Data from the Seventh National Population Cen-
sus. 

Note: To reduce heteroscedasticity, variables marked with an asterisk (*), such as tourist *, are sub-
jected to logarithmic transformation. 

4. Results 
In this study, STERGM was employed to investigate the influence of endogenous and 

exogenous factors on the formation and persistence of network ties during the continuous 
temporal evolution of intercity tourism information flow network structures. Given the 
impact of the COVID-19 pandemic as an external shock in 2020, this study divided the 
2016–2023 timeframe into two distinct periods for analysis: 2016–2019 and 2020–2023. 
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Tables 3 and 4 report the STERGM parameter estimates for tie formation and persistence 
during the 2016–2019 and 2020–2023 periods, respectively. In the STERGM framework, 
“edges” is selected as an endogenous structural variable. Analogous to the intercept term 
in linear regression, the statistical significance of its parameter estimates indicates that the 
network ties do not change randomly; thus, an investigation of the corresponding influ-
encing factors has significant implications [16]. 

Table 3. STERGM estimation results for 2016–2019. 

Effect Variable 
Formation Persistence 

Estimate S.E. Estimate S.E. 
Endogenous structure effects 
 edges −12.73 *** 0.661 −12.51 *** 0.934 
 mutual 0.337 *** 0.063 0.785 *** 0.081 
 ctriple 0.006 *** 0.001 −0.002 * 0.001 
 istar3 0.000 *** 0.000 0.001 *** 0.000 
Exogenous network effects 
edgecov culture −0.774 *** 0.083 −1.252 *** 0.116 
 distance −0.595 *** 0.042 −0.919 *** 0.050 
 boundary −1.350 *** 0.201 −2.129 *** 0.360 
Node attribute effects 
nodeicov 5A −0.033 0.028 0.121 *** 0.031 
 A 0.004 *** 0.001 0.002 0.001 
 tourist −0.088 *** 0.028 −0.218 *** 0.035 
nodeocov per_GDP 0.023 *** 0.006 0.067 *** 0.008 
 sale −0.231 *** 0.077 0.125 0.089 
 population 1.576 *** 0.098 1.592 *** 0.111 
absdiff 5A 0.074 *** 0.020 0.069 *** 0.027 
 A −0.005 *** 0.001 −0.004 *** 0.001 
 tourist 0.098 *** 0.030 0.107 *** 0.037 
 per_GDP 0.008 0.005 −0.014 ** 0.007 
 sale 0.284 *** 0.053 0.070 0.061 
 population −0.273 *** 0.062 0.082 0.073 
AIC 25,349 
BIC 25,690 
Note: *** denotes p < 0.01, ** denotes p < 0.05, * denotes p < 0.1; S.E. stands for standard error. 

Table 4. STERGM estimation results for 2020–2023. 

Effect Variable 
Formation Persistence 

Estimate S.E. Estimate S.E. 
Endogenous structure effects 
 edges −10.78 *** 0.344 −4.285 *** 0.343 
 mutual 0.184 *** 0.032 0.496 *** 0.037 
 ctriple −0.002 *** 0.000 0.000 0.001 
 istar3 0.000 *** 0.000 0.000 *** 0.000 
Exogenous network effects 
edgecov culture −0.087 ** 0.038 −0.262 *** 0.033 
 distance −0.190 *** 0.023 −0.483 *** 0.021 
 boundary −1.224 *** 0.122 −2.066 *** 0.082 
Node attribute effects 
nodeicov 5A 0.100 *** 0.013 0.096 *** 0.013 
 A 0.003 *** 0.001 0.001 0.001 
 tourist −0.010 0.012 −0.055 *** 0.012 
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nodeocov per_GDP 0.014 *** 0.002 0.012 *** 0.003 
 sale 0.166 *** 0.026 0.118 *** 0.029 
 population 0.698 *** 0.034 0.699 *** 0.039 
absdiff 5A −0.109 *** 0.012 −0.029 ** 0.013 
 A 0.000 0.001 0.001 * 0.001 
 tourist −0.045 *** 0.013 −0.097 *** 0.014 
 per_GDP −0.012 *** 0.002 −0.014 *** 0.002 
 sale −0.088 *** 0.020 0.025 0.023 
 population −0.022 0.024 0.060 ** 0.026 
AIC 91,479 
BIC 91,843 
Note: *** denotes p < 0.01, ** denotes p < 0.05, * denotes p < 0.1; S.E. stands for standard error. 

4.1. Endogenous Structure Effects 

The parameter estimates from both the formation and persistence models are statis-
tically significant, revealing that the evolution of intercity tourism information flow net-
work structures is intrinsically driven by the self-organizing properties of endogenous 
local structures over time. Specifically: 

The parameter estimates for “mutual” are significantly positive (p < 0.01) in both the 
tie formation and the tie persistence models of the intercity tourism information flow net-
work. This finding indicates that reciprocity has a significant positive effect on both the 
formation and the persistence of intercity tourism information flow relationships, thus 
suggesting a tendency toward bidirectional flows within the network, which may reflect 
a pattern of mutual interaction in intercity tourism information exchange. Existing empir-
ical evidence indicates that reciprocity significantly contributes to the stability and resili-
ence of trade networks—primarily by fostering mutual trust between trading partners 
and thereby reinforcing the credibility and enforceability of bilateral trade agreements 
[42]. The findings of this study suggest that this phenomenon may result from sustained 
tourism interactions between cities, which have cultivated mutual trust among tourists 
and fostered positive word-of-mouth reputation in their respective cities. This, in turn, 
further facilitates the bidirectional exchange of tourism information flows. Furthermore, 
the direction of the effects of reciprocity remained consistent for both tie formation and 
tie persistence during the COVID-19 pandemic period (2020–2023). 

The “ctriple” parameter (Table 3) has a significantly positive effect, thus indicating 
the presence of triangular cyclic relationships in intercity tourism information flows that 
follow a pattern of gradient transfer between regions. In Table 4, however, it has a signif-
icantly negative effect, suggesting that the COVID-19 pandemic disrupted the transitive 
triangular relationships within China’s intercity tourism information flow network. In the 
analysis of tie persistence (Table 3), the cyclicity parameter also has a significantly nega-
tive effect, implying that tourism information flows do not tend to maintain triangular 
cyclic structures. This finding indicates that the persistence of intercity tourism infor-
mation flow relationships is not facilitated by shared third-party connections. However, 
during the COVID-19 pandemic period (2020–2023), cyclicity did not significantly influ-
ence the persistence of intercity tourism information flow network relationships. Previous 
studies have shown that in social networks, friends of friends are more likely to establish 
friendships. Namely, compared with random strangers, meetings with friends of friends 
occur more frequently, offering greater opportunities to build trust and mutual affection 
[43]. This study reveals that triangular structures lack structural stability in intercity tour-
ism information flow networks and are closely related to the state of the relationships 
themselves. 
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The model variable “istar3” captures the aggregation function exhibited by core 
nodes during the evolution of network structures. Nodes in core positions typically com-
mand greater resources and information within network relationships and consequently 
exhibit greater popularity in the network. The parameter estimation results reveal that the 
aggregation function of endogenous structural factors in intercity tourism information 
flow networks exerts marginally significant positive effects on both the formation and the 
persistence of network ties. This finding indicates that certain cities leverage advantages 
such as tourism resources and market potential to become highly active core nodes in 
intercity tourism information flow networks, signifying the presence of high in-degree 
cities within the network. Previous research has shown that after COVID-19, the propor-
tion of tourism information inflow increased for both the “head” echelon and the “tail” 
echelon, albeit modestly, from 25.6% to 26.2% and from 4.7% to 5.7%, respectively [6]. 
These findings validate the weak yet positive role played by “istar3” during the pandemic, 
indicating the persistent presence of cities that received increased attention from tourists 
within the network and reflecting the resilient adaptation of tourism information flows 
amid the impacts of COVID-19. 

It should be noted that the key endogenous structural estimates (e.g., mutual, ctriple, 
istar3) are not only statistically significant but also associated with relatively small stand-
ard errors (Tables 3 and 4), lending confidence to the precision of these findings. 

4.2. Exogenous Network Effects 

Among the exogenous network structure effects, the cultural distance network rep-
resented by dialect distance (culture), the geographical distance network (distance), and 
the institutional distance network (boundary) all yield significantly negative estimates. 
These findings indicate that cross-cultural interactions, long distances, and cross-admin-
istrative boundaries significantly inhibit the structural evolution of intercity tourism in-
formation flow networks. On the one hand, regarding the proximity of cultural distance, 
Hofstede posits that culture represents the collective mental programming that distin-
guishes members of different groups [44]. The proximity within cultural distance net-
works may indicate domestic tourists’ identification with their local culture. Conse-
quently, tourists tend to show a stronger preference for destinations with cultural similar-
ities than for those associated with cultural differences or novelty-seeking travel experi-
ences. On the other hand, the proximity of geographical and institutional distances reflects 
tourists’ preferences for short-distance and intraprovincial travel, since long-distance and 
interprovincial trips often entail heightened risk perception, which consequently dimin-
ishes the quality of the travel experience to some extent [40]. Specifically, during the pre-
pandemic normal period from 2016 to 2019, each unit increase in dialect distance reduced 
the probability of tourism information flow tie formation and persistence between cities 
by approximately 53.9% ≈ [1−exp (−0.774)] and 71.4% ≈ [1−exp (−1.252)], respectively. Each 
1% increase in geographical distance decreased the probability of intercity tourism infor-
mation flow tie formation and persistence by approximately 44.8% ≈ [1−exp (−0.595)] and 
60.1% ≈ [1−exp (−0.919)] for formation and persistence, respectively. Furthermore, the 
probabilities of intercity tourism information flow tie formation and persistence across 
provincial boundaries were approximately 74.1% ≈ [1−exp (−1.35)] and 88.1% ≈ [1−exp 
(−2.129)] lower, respectively, than those within the same province. In addition, the stand-
ard errors corresponding to cultural, geographical, and institutional distance remain rel-
atively stable across periods, suggesting that the consistently negative effects of these dis-
tance measures are estimated with reasonable precision rather than driven by random 
variation. 

Compared with the changes that occurred during the COVID-19 pandemic, the coef-
ficients of “culture” and “distance”, while still negative, significantly decreased in 
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absolute magnitude. Their inhibitory effects on the formation and persistence of tourism 
information flow relationships were substantially reduced. These findings suggest that 
under the influence of the pandemic, people’s novelty-seeking intentions in terms of des-
tination choice increased, and travel distance expanded significantly. By selecting long-
distance travel destinations, individuals released their pent-up desire for outdoor activi-
ties and tourism accumulated during the lockdown period. 

4.3. Node Attribute Effects 

Regarding receiver effects, the “5A” variable has no significant impact on tie for-
mation in 2016–2019 but exerts a significant positive influence in 2020–2023. Furthermore, 
it has a significant positive effect on the persistence models for both periods. The 5A-level 
tourist attraction rating represents the highest standard, signifying superior tourism re-
sources, management, and service quality. Although it did not increase a city’s tourism 
attention during the normalized period, the higher management level during the COVID-
19 pandemic may have contributed to greater tourist confidence, possibly due to en-
hanced safety protocols or stronger brand trust, thereby increasing people’s willingness 
to visit. In contrast, the variable “A” has a positive effect in the formation models for both 
periods but has no significant effect on the persistence models. Tourism resource endow-
ments form the foundation for regional tourism development. The number of A-level at-
tractions directly reflects the richness of a city’s tourism resources, which helps attract 
tourist visits. However, owing to variations in quality and appeal among different levels 
of attractions, a larger quantity does not necessarily translate into sustained visits or re-
visitation intentions, which may account for its insignificant effect in the persistence 
model. With respect to the variable “tourist”, its influence was negative in both the for-
mation and persistence models across the two periods, although it was not significant in 
the 2020–2023 formation model. This finding suggests limited evidence of path depend-
ence in travel destination choices, which may reflect a tendency among tourists to consider 
less crowded destinations. 

From the perspective of sender effects, the coefficients for “per_GDP” and “popula-
tion” were significantly negative across all the models. This finding indicates that origin 
regions with greater wealth and larger populations exhibit higher demand for tourism 
[35]. The coefficient for “sale” shifted from a significantly negative effect in the 2016–2019 
tie formation model to a significantly positive effect in the 2020–2023 model but transi-
tioned from nonsignificant to significantly positive in the persistence model. This finding 
indicates that origin regions with higher physical goods consumption exhibited stronger 
tourism information flow sending tendencies during the COVID-19 pandemic. 

This study incorporated a similarity variable (absdiff) for urban attribute character-
istics into the model to investigate its driving effects. It should be additionally clarified 
that this study employed the absdiff command from the R language package to examine 
variable similarity. Its underlying principle is to calculate the absolute difference in attrib-
utes between node pairs to reflect similarity effects. A positive parameter estimate indi-
cates heterophily, whereas a negative value suggests a relative lack of difference (i.e., ho-
mophily), thereby demonstrating the homophily driven effects of nodal attribute charac-
teristics. The coefficient results for “5A” indicate that during the 2016–2019 period, prov-
inces with an equal number of 5A-level attractions were less likely to form or persist ties, 
whereas the opposite pattern emerged during the 2020–2023 period. This result reflects, 
to some extent, a shift in tourists’ demand for high-level tourism resources in destination 
cities. Specifically, during the COVID-19 pandemic, the level of tourism resources in a 
destination cannot deviate significantly from that of the origin city, indicating that tour-
ists’ psychological expectations that the management and service standards of destina-
tions should not fall below those of their home cities. The “A” coefficient results shifted 
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from a negative influence in the earlier phase to a positive influence. This reflects a tran-
sition in people’s demand for tourism resources—from homophily to heterophily. It also 
highlights the psychological pursuit of novelty and the avoidance of high-density crowds. 
The “per_GDP” coefficient indicates that cities with similar economic development levels 
exhibit a higher probability of forming and persisting tourism information flow relation-
ships. Previous studies have indicated that origin countries with higher income levels 
demonstrate greater demand for international tourism services, while more affluent des-
tinations provide larger volumes of tourism services [45]. This phenomenon is similarly 
manifested in the intercity tourism information flow network examined in this study. 
Higher-income groups show a stronger affinity for destinations with advanced develop-
ment levels, and conversely, the premium services offered by these high-level destinations 
are more attractive to tourists with stronger payment capacity. 

Although the significance of some node attribute effects varies across periods and 
between formation and persistence models, the associated standard errors do not show 
abnormal inflation for key variables such as population and per_GDP, indicating that 
these variations primarily reflect contextual and structural changes rather than estimation 
instability. 

4.4. Sensitivity Analyses 

To evaluate the robustness of the selected binarization thresholds, sensitivity anal-
yses were performed using the 25th and 75th percentiles as alternative thresholds. The 
STERGM estimation results for the 2016–2019 and 2020–2023 periods under these thresh-
olds are reported in Tables 5 and 6, respectively. 

The results indicate that endogenous structural effects—specifically the positive im-
pact of “mutual” on tie formation and persistence, and the weak positive effect of 
“istar3”—remain largely consistent with the primary findings. Regarding exogenous net-
work effects, “culture”, “distance”, and “boundary” consistently exhibit significantly neg-
ative effects across different thresholds, further validating the restrictive role of distance 
factors in the evolutionary trajectory of intercity tourism information flow networks. 

Certain node attribute variables exhibited variations across different thresholds. For 
instance, the effect of “sale” shifted from significantly negative to significantly positive 
during the 2016–2019 period under alternative threshold specifications. This shift may be 
attributed to the tie selection mechanism induced by network density fluctuations. Specif-
ically, compared to the median threshold, the 25th and 75th percentiles filter tourism in-
formation flow linkages of varying intensities, resulting in altered network densities and 
subsequent adjustments to local variable coefficient estimates. Nevertheless, these varia-
tions do not alter the overall direction of node attribute effects. 

Overall, the estimation results under alternative thresholds align closely with the 
baseline conclusions, suggesting that the findings are independent of any specific binari-
zation thresholds and exhibit substantial robustness. 

Table 5. STERGM estimation results for 2016–2019 under the alternative threshold. 

Effect Variable 
25th Percentile 75th Percentile 

Formation Persistence Formation Persistence 
Endogenous structure effects 
 edges −11.42 *** (0.221) −9.27 *** (0.260) −22.38 *** (0.378) −9.679 *** (0.410) 
 mutual 0.356 *** (0.019) 0.729 *** (0.024) 0.563 *** (0.040) 0.561 *** (0.048) 
 ctriple 0.001 *** (0.000) 0.000 (0.000) 0.004 *** (0.001) 0.008 *** (0.001) 
 istar3 0.000 *** (0.000) 0.000 *** (0.000) 0.000 *** (0.000) 0.000 *** (0.000) 
Exogenous network effects 
edgecov culture −0.096 *** (0.008) −0.195 *** (0.009) −0.189 *** (0.015) −0.132 *** (0.017) 
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 distance −0.829 *** (0.015) −1.113 *** (0.017) −0.846 *** (0.026) −0.965 *** (0.028) 
 boundary −2.003 *** (0.080) −2.897 *** (0.083) −1.799 *** (0.064) −0.997 *** (0.070) 
Node attribute effects 
nodeicov 5A 0.031 *** (0.011) 0.107 *** (0.012) 0.146 *** (0.014) 0.069 *** (0.015) 
 A 0.004 *** (0.000) 0.002 *** (0.000) 0.002 *** (0.001) 0.000 (0.001) 
 tourist −0.120 *** (0.010) −0.275 *** (0.013) −0.102 *** (0.021) −0.274 *** (0.024) 
nodeocov per_GDP 0.036 *** (0.003) 0.043 *** (0.003) 0.031 *** (0.005) 0.023 *** (0.005) 
 sale 0.563 *** (0.023) 0.424 *** (0.028) 0.249 *** (0.049) 0.220 *** (0.054) 
 population 0.726 *** (0.029) 1.231 *** (0.035) 1.688 *** (0.060) 1.199 *** (0.068) 
absdiff 5A 0.026 *** (0.008) 0.008 (0.009) −0.087 *** (0.011) −0.051 *** (0.012) 
 A −0.001 ** (0.000) −0.001 ** (0.000) −0.004 *** (0.001) 0.000 (0.001) 
 tourist −0.078 *** (0.010) −0.066 *** (0.012) −0.304 *** (0.021) −0.075 *** (0.022) 
 per_GDP −0.003 (0.003) −0.014 *** (0.003) 0.016 *** (0.005) −0.023 *** (0.005) 
 sale 0.049 *** (0.016) 0.004 (0.018) −0.275 *** (0.034) −0.062 (0.038) 
 population −0.126 *** (0.020) 0.085 *** (0.022) 0.265 *** (0.041) 0.002 (0.045) 
AIC  209,061 72,066 
BIC  209,472 72,478 

Note: *** denotes p < 0.01, ** denotes p < 0.05; Standard errors are reported in parentheses. 

Table 6. STERGM estimation results for 2020–2023 under the alternative threshold. 

Effect Variable 
25th Percentile 75th Percentile 

Formation Persistence Formation Persistence 
Endogenous structure effects 
 edges −12.58 *** (0.197) −12.17 *** (0.215) −25.78 *** (0.387) −14.79 *** (0.377) 
 mutual 0.262 *** (0.018) 0.449 *** (0.023) 0.687 *** (0.037) 0.638 *** (0.039) 
 ctriple 0.001 *** (0.000) 0.003 *** (0.000) 0.004 *** (0.001) 0.011 *** (0.001) 
 istar3 0.000 *** (0.000) 0.000 *** (0.000) 0.000 *** (0.000) 0.000 *** (0.000) 
Exogenous network effects 
edgecov culture −0.087 *** (0.008) −0.132 *** (0.009) −0.176 *** (0.014) −0.091 *** (0.014) 
 distance −0.625 *** (0.013) −0.703 *** (0.014) −0.882 *** (0.025) −0.498 *** (0.023) 
 boundary −1.839 *** (0.061) −2.5 *** (0.054) −1.623 *** (0.065) −1.333 *** (0.056) 
Node attribute effects 
nodeicov 5A −0.028 ** (0.009) 0.047 *** (0.01) 0.180 *** (0.014) 0.128 *** (0.013) 
 A 0.004 *** (0.000) 0.001 * (0.000) 0.004 *** (0.001) −0.004 *** (0.001) 
 tourist −0.121 *** (0.009) −0.093 *** (0.011) 0.007 (0.019) 0.077 *** (0.02) 
nodeocov per_GDP 0.022 *** (0.001) 0.037 *** (0.002) 0.028 *** (0.003) 0.047 *** (0.004) 
 sale −0.058 *** (0.014) −0.159 *** (0.017) −0.063 * (0.034) −0.191 *** (0.031) 
 population 1.371 *** (0.02) 1.68 *** (0.024) 2.169 *** (0.047) 1.543 *** (0.043) 
absdiff 5A 0.020 *** (0.007) 0.008 (0.007) −0.057 *** (0.01) −0.031 *** (0.01) 
 A −0.001 *** (0.000) 0.000 (0.000) −0.004 *** (0.000) −0.001 * (0.000) 
 tourist −0.042 *** (0.009) −0.037 *** (0.011) −0.052 *** (0.018) −0.092 *** (0.02) 
 per_GDP −0.008 *** (0.001) −0.003 (0.002) −0.007 *** (0.003) 0.008 ** (0.004) 
 sale −0.018 * (0.010) 0.023 * (0.014) −0.13 *** (0.025) −0.028 (0.025) 
 population −0.072 *** (0.014) 0.04 ** (0.018) −0.08 ** (0.033) −0.041 (0.033) 
AIC  244,115 77,855 
BIC  244,526 78,267 

Note: *** denotes p < 0.01, ** denotes p < 0.05, * denotes p < 0.1; S.E. Standard errors are reported in 
parentheses. 
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4.5. Goodness-of-Fit Test 

To evaluate the capability of the STERGM in capturing the network evolution process, 
this study conducted a Goodness-of-Fit (GOF) assessment. The fit between the observed 
networks and the simulated networks was examined from three dimensions: degree dis-
tribution, cumulative distribution function (CDF) of degree, and boxplot-based compari-
son of degree distributions. The results are presented in Figure 3. 

First, in the multidimensional validation of degree distribution, the degree frequency 
curve of the observed network is largely embedded within the 95% confidence interval of 
the simulated networks, and the two curves exhibit a high degree of consistency in their 
overall trends. This indicates that the simulated networks accurately reproduce the fre-
quency characteristics of node degrees in the observed network. Second, the results of the 
CDF analysis show that the simulated networks not only match the frequency distribution 
of degree values but also precisely capture the cumulative probability characteristics of 
the degree distribution. The distributional trends between the simulated and observed 
networks are highly consistent. Third, in the boxplot comparison of degree distributions, 
the simulated networks demonstrate strong agreement with the observed network in 
terms of both central tendency and dispersion of degree values. 

Overall, the GOF assessment of the STERGM, progressing from degree frequency to 
cumulative probability and then to statistical distributional characteristics, confirms the 
strong fitting performance of the simulated networks to the observed networks [46]. 
Across both evolutionary periods examined in this study, the STERGM effectively cap-
tures the distributional patterns of node degrees during network evolution, thereby 
providing a reliable modeling foundation for subsequent analyses of network structure, 
inference of evolutionary mechanisms, and predictive research based on the fitted models. 

 

Figure 3. GOF test results of STERGM. 

5. Discussion and Conclusion 
5.1. Discussion 

From a methodological perspective, urban networks can be conceptualized as com-
plex network systems constructed on element flows between nodes. Previous studies on 
urban networks have predominantly focused on physical networks, such as transporta-
tion networks [47], electricity networks [48], and population migration networks [49], 
while relatively limited attention has been paid to intercity tourism information flow net-
works as non-physical systems and the mechanisms driving their formation and 
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evolution. Therefore, this study employs a social network analysis model to capture the 
influence of local topological configurations on the structural evolution of China’s domes-
tic intercity tourism information flow networks, thereby more holistically revealing the 
mechanisms influencing the structural evolution of such networks under a tourism-spe-
cific and domestic context. 

Previous studies have shown that real-world networks differ significantly from ran-
dom networks, exhibiting structural dependencies rather than independent tie formation. 
Consistent with this perspective, our findings indicate that China’s domestic intercity 
tourism information flow network is not randomly generated but jointly shaped by en-
dogenous structural mechanisms and exogenous relational factors. The network demon-
strates reciprocity and clustering tendencies, with certain cities occupying central posi-
tions and exerting structural influence over network evolution. At the same time, the tri-
adic structure displays relative instability, exerting differential effects on tie formation and 
persistence that vary across external contexts. This suggests that while the network exhib-
its self-organizing properties, its local configurations remain dynamically sensitive to en-
vironmental changes. 

Theoretically, this study extends the research framework of push‒pull motivation 
theory in China’s domestic tourism setting. Based on this theory, urban attribute charac-
teristics are selected from both origin and destination perspectives to examine the mech-
anism by which nodal attribute values influence the structural evolution of the intercity 
tourism information flow network. Traditional push‒pull motivation models incorporate 
push, pull, and resistance factors. This study examines the effect of homophily in nodal 
attributes on network structures by measuring the similarity in urban attribute character-
istics, thereby offering new research perspectives for the application of push‒pull motiva-
tion theory. Nadel [50] and White [51] posit that one social network can provide context 
for another such network. By incorporating relational network variables, this study 
demonstrates that the existing social networks between cities—such as those based on 
institutions and culture—create contextual dependencies for tourism information flows, 
thereby either facilitating or hindering the evolution of the intercity tourism information 
flow network relationships. 

From the perspective of sustainable development, the structural patterns identified 
in this study have significant implications for the resilience, equity, and adaptive capacity 
of urban systems. For example, endogenous mechanisms such as reciprocity strengthen 
intercity connections, promote more balanced information exchange, and reduce asym-
metric dependencies, thereby supporting more equitable participation in intercity tourism 
networks. The convergence effect embodied by network core nodes enhances network 
efficiency and coordination, thereby contributing to system resilience under normal con-
ditions. However, excessive centralization may pose sustainability risks, as tourism-re-
lated resources become concentrated in a limited number of cities, potentially marginal-
izing surrounding regions. Furthermore, the inhibitory effects exerted by cultural, geo-
graphical, and institutional distances suggest the presence of structural barriers that hin-
der the development of sustainable intercity tourism. These barriers can be reduced 
through coordinated regional planning and interregional cooperation, thereby promoting 
a more balanced and sustainable spatial distribution of tourism activities. Overall, these 
findings indicate that an understanding of and strategic guidance for the evolution of 
China’s domestic intercity tourism information flow network structures are crucial to ad-
vancing sustainable urban tourism development and innovative governance practices. 

Finally, the data referenced in this study need to be discussed. Constrained by data 
accessibility, domestic actual tourism flows still lack systematic measurement methods, 
thereby making it difficult to capture directional intercity linkages. Existing studies have 
attempted to simulate the actual tourism flows using spatial interaction models; however, 
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such approaches are susceptible to parameter specification errors. Some studies have con-
structed tourism flow networks based on travel diaries or social media data; however, 
these data sources often suffer from sample selection bias, recall bias [52], or platform-
specific user limitations and therefore fail to comprehensively capture national-scale tour-
ism mobility structures. Moreover, the actual tourism flow networks constructed from 
information such as travel narratives or tour agency itineraries are mostly limited to re-
gional spatial scales, with few covering the national scale. The absence of such relational 
data has become a significant constraint in urban/regional network research. In response, 
recent studies have increasingly expanded data sources by incorporating nonofficial sta-
tistics, such as Weibo check-in data [53], online text data [54], mobile location data [55], 
and the Baidu Search Index [9], to construct tourism flow networks. 

However, internet search big data reflect statistical characteristics under large-sam-
ple conditions and cannot fully account for individual features and variations in tourists’ 
information search behaviors. Supported by nearly universal, non-sampled, and undiffer-
entiated large-scale data, tourists’ destination selection intentions and outcomes are re-
vealed, while group characteristics are quantified. Therefore, future research on data ac-
quisition should evaluate data quality, precision, and validity. This goal can be achieved 
by integrating big data with traditional data to mitigate inherent bias issues. 

5.2. Policy Implications and Suggestions 

Furthermore, the findings of this study offer insightful implications for the develop-
ment of local tourism industries within China, particularly in terms of promoting sustain-
able urban tourism planning, balanced resource allocation, and coordinated intercity gov-
ernance. The results confirm that the effectiveness of tourism information dissemination 
in the Chinese context is comprehensively influenced by multiple factors, including local 
political, economic, cultural, and geographical elements. Thus, accurate positioning in lo-
cal tourism development is crucial. By promoting tourism products that align with local 
characteristics and disseminating information to appropriate tourist markets, destination 
operators can effectively mitigate the hindering effects of unfavorable factors, thereby lev-
eraging the promotional efficacy of tourism information to advance regional tourism de-
velopment. 

First, within China, tourism destination operators should prioritize domestic tour-
ists’ preference for intercity cultural proximity. It is worth noting that numerous studies 
have confirmed that international cultural distance has dual effects on tourism demand 
[56]. However, in this study, domestic cultural distance was found to have a negative ef-
fect within the Chinese context. Thus, when targeting domestic tourists, operators should 
focus on tourist markets that share cultural similarities with their local context. For tourist 
markets with cultural differences within China, destination operators should emphasize 
the interpretation and promotion of their local cultural connotations to establish a positive 
cultural image. They should avoid solely highlighting cultural distinctiveness and nov-
elty, as this may cause cultural shock among domestic tourists from different regions [57]. 

Second, to address the constraining effects of institutional and geographical distance 
within China, a dual approach is necessary. On the one hand, spatial barriers to tourist 
flows should be reduced by developing regional high-speed transportation infrastructure. 
On the other hand, marketing strategies should focus on intraprovincial tourist flows, as 
the findings from this study indicate that tourist flows originating within the same prov-
ince remain the primary component of China’s tourist mobility. 

Third, in the evolution of China’s domestic intercity tourism information flow net-
work structures, the reciprocity of endogenous factors drives intercity tourism develop-
ment toward a mutually reinforcing cycle. By establishing comprehensive tourism sys-
tems with cities that exhibit reciprocal tourism information flows, local authorities can 
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provide tourists with one-stop services, enhancing visitor satisfaction and fostering sus-
tainable tourism cooperation. Furthermore, within the network, cities that occupy core 
positions consistently attract high attention and travel intention among tourists. It is es-
sential to leverage the diffusion function of such cities to drive the development of sur-
rounding areas, foster the emergence of multinode network structures, and thereby pro-
mote regional synergistic development. The aggregation of traffic flow in core nodes rep-
resents one of the critical pathways for tourism development in the information society, 
yet rational spatial planning is needed to avoid excessive concentration. From the per-
spectives of sustainable development and governance, the avoidance of excessive concen-
tration is crucial to the promotion of spatial equity and the prevention of the marginaliza-
tion of peripheral cities within China’s domestic intercity tourism flow network. 

5.3. Main Conclusions 

In this study, an analytical framework that incorporates endogenous structure effects, 
exogenous network effects, nodal attributes, and their similarity effects is constructed. 
Taking China as the empirical setting, the study reveals the mechanisms influencing the 
structural evolution of China’s domestic intercity tourism information flow networks by 
analyzing the formation and persistence of intercity relationships within the tourism con-
text. 

First, endogenous structure effects constitute one of the core research foci in this 
study. The findings reveal that the self-organizing properties of microscopic topological 
structures within networks significantly influence both the formation and the persistence 
of intercity tourism information flow network ties. This study captures the significantly 
positive effect of local reciprocity within the networks on the formation of network ties, 
indicating that the outflow of tourism information flow relationships from a node facili-
tates the inflow of tourism information flow relationships to that node. The analysis of 
cyclicity indicates that triangular cyclic relationships follow a gradient transfer pattern in 
the formation of tourism information flow relationships. However, the COVID-19 pan-
demic disrupted this transitive triangular structure. Simultaneously, this study investi-
gates the mechanisms influencing the persistence of tourism information flow relation-
ships. The formation and persistence of ties are independent processes in network struc-
tural evolution. Previous research has overlooked the factors influencing persistence. The 
study reveals that the tourism information flows do not tend to sustain triangular cyclic 
structures in terms of tie persistence. This shift in the direction of the effect confirms that 
significant divergences exist for the same variable in influencing the formation versus per-
sistence of tourism information flow relationships across different developmental con-
texts. 

Second, with respect to exogenous network structural effects in the Chinese domestic 
setting, the cultural distance network, represented by dialect distance, the geographical 
distance network, and the institutional distance network, significantly inhibits both the 
formation and persistence of intercity tourism information flow network relationships. 
During the COVID-19 pandemic, the inhibitory effects of cultural and geographical dis-
tance on the structural evolution of the networks decreased significantly, thus reflecting 
people’s desire for culturally distinct and distant tourism destinations during the pan-
demic. 

Finally, regarding exogenous factors, this study draws on the push‒pull motivation 
theory of tourism to identify effective push forces from the economic development level 
of origin areas and pull forces from the tourism resources and service levels of destina-
tions. These findings demonstrate how urban attribute characteristics drive the evolution 
of the intercity tourism information flow network structure. With respect to the 
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assortativity of urban attributes, tourists’ travel demand reflects a comparison between 
the level of economic development of destinations and origins. 

It should be noted that the conclusions of this study are drawn specifically from 
China’s domestic tourism context, relying on internal tourism information flow data and 
market structures. These findings should therefore not be generalized to international 
tourism markets or cross-national information flow networks without careful contextual 
consideration and further empirical validation. 
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