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Abstract

Tourism network attention, defined as the quantifiable measure of public interest toward
tourism destinations through online search activities, has become a crucial indicator for
understanding tourist behavior in the digital era. This study analyzes the spatiotemporal
evolution of tourism network attention for Zhangjiajie National Forest Park using Baidu
index data from 2013 to 2023. Results show three temporal phases: rapid rise (2013-2017),
fluctuation adjustment (2018-2020), and recovery growth (2021-2023), with a “double-
peak” seasonal pattern in July—-August and April-May. Spatial distribution exhibits a
“high East, low West” pattern with gradually increasing balance (coefficient of variation:
0.6849—0.5382). GDP, internet users, and transportation accessibility are dominant factors
influencing spatial patterns.

Keywords: national forest park; tourism network attention; spatial and temporal evolution;
Baidu index; geographic detector

1. Introduction

Tourism network attention represents the manifestation of users’ potential demand
and realistic concern for tourism destinations, as reflected through online search behaviors
and digital engagement patterns. This concept has been validated as a reliable indicator
of tourism attractiveness and potential tourist demand [1]. In 2024,The number of eco-
tourism tourists reached 2.76 billion, increasing by 9.1% year-on-year [2]. This statistic
underscores the need for a clear operational definition of sustainability, defined as the
ability to maintain tourism activities without compromising ecological integrity. It is
significant for national forest parks, which face new challenges for managing sustainable
tourism under growing digitalization. Most current study focuses on urban agglomeration
and there is limited study about attention dynamics of eco-tourism places. Prior study
lacks comprehensive investigation on how regional features determine spatial attention
divergence, especially an interaction of economic, social, and geographical elements. This
study explores attention trends for Zhangjiajie National Forest Park’s tourism network
under geodetector modeling for 11 years’ data (2013-2023). In exploring how origin
elements (economic power, digital infrastructure) and destination elements (accessibility,
ecological quality) interact and generate attention trends, we embrace push—pull theory and
spatial interaction theory. Study objectives are to: (1) delineate spatiotemporal evolution of
tourist network attention; (2) quantify variables driving spatial attention differentiation;
and (3) suggest recommendations for accurate marketing and sustainability.
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2. Literature Review
2.1. Digital Tourism Attention Analysis

Big data has fundamentally changed how researchers study tourist behavior and
destination attractiveness. Over the past decade, tourism network attention—the digital
manifestation of tourist interest—has become a critical research focus. Researchers began
using search engine data to predict tourism demand, recognizing digital footprints as
reliable proxies for tourist interest [3]. This approach proved effective when applied to
major attractions like the Forbidden City, where Baidu index data successfully predicted
visitor flows and demonstrated strong correlations between online search patterns and
actual arrivals [4]. Subsequent studies expanded these methods to analyze the spatial and
temporal dimensions of tourism demand, establishing network attention as a quantifiable
measure of public interest in destinations [5]. Recent research on Chinese national parks
has used this approach to examine attention patterns over time, showing how seasonal
variations reveal underlying tourist behavior dynamics [6]. Recent research demonstrates
how big data transforms tourism marketing by tracking behavioral trends and research
directions, emphasizing the critical role of user-generated content in shaping attention and
destination selection [7]. These applications extend to complex system optimization in
tourism contexts, where algorithmic approaches show considerable promise for addressing
multi-objective challenges [8].

2.2. Forest Park Digital Management

Digital management has emerged as a cornerstone of modern forest park operations.
Recent studies demonstrate how digital technologies are reshaping both park administra-
tion and visitor experiences, with researchers analyzing visitor behavior patterns to inform
management strategies [9]. The integration of crowdsourced geospatial data has opened
new avenues for understanding recreational visits to national forest parks, highlighting the
critical role of visitor motivation insights in our increasingly digital landscape [10]. Compar-
ative research reveals distinct patterns in digital forecasting tools: while Baidu index proves
most effective for predicting domestic Chinese tourism demand, Google Trends excels in
international tourism forecasting [11]. Building on these foundations, Baidu index has
gained particular prominence as a tourism attention indicator in recent years. Studies show
it effectively captures tourism demand fluctuations and maps tourism flow networks across
Chinese provinces [12]. The platform’s appeal lies in its practical advantages—real-time
data access, extensive sample coverage, and cost-effectiveness compared to conventional
statistical methods.

2.3. Spatiotemporal Analysis

Spatial analysis techniques have undergone significant evolution in tourism research.
The geodetector principle has proven particularly valuable for identifying the driving
mechanisms behind spatial tourism patterns, effectively handling both linear and nonlinear
relationships within complex tourism systems [13]. This methodological advancement has
found practical application in border region studies, where researchers have applied spatial
statistical methods to examine tourism efficiency patterns and identify the key determi-
nants shaping regional tourism development [14]. Understanding temporal variations in
tourist demand has become equally crucial for destination management. Seasonal strength
indices now serve as powerful tools for analyzing tourist behavior patterns, offering both
recognition capabilities and predictive insights that inform strategic planning [15]. The de-
velopment of statistical modeling approaches for spatially stratified heterogeneous data has
further enhanced researchers’ ability to uncover the complex geographic factors influencing
tourism distribution patterns [16].
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2.4. Influencing Factors

Tourism network attention patterns are influenced by multiple interconnected factors.
Economic development, measured through GDP and per-capita disposable income, fun-
damentally drives tourism demand and online search behavior [17]. Urbanization rate
and internet user numbers jointly determine the digital capacity for generating tourism
attention, with urbanized and connected regions showing higher search volumes [18].
Geographic accessibility, including both physical distance and transportation time dis-
tance, creates distance decay effects where closer and more accessible destinations receive
greater network attention [19]. Environmental quality factors, particularly forest cover-
age and air quality, influence destination attractiveness and subsequent online attention
patterns [20]. These economic, social, geographic, and environmental factors operate syner-
gistically rather than independently, creating integrated mechanisms that shape the spatial
differentiation of tourism network attention [21].

2.5. The Theoretical Framework

This research integrates four core theories. Push—pull theory explains how origin
market characteristics (economic development, population size) and destination attributes
(environmental quality, accessibility) interact to generate tourism network attention [22,23].
Digital tourism behavior theory supports using Baidu index data as reliable indicators of
tourism interest and travel intentions [24]. Spatial interaction theory, particularly gravity
models, accounts for distance decay effects in tourism attention patterns [25]. For forest
park destinations, sustainable tourism development theory provides the framework for
balancing market development with environmental protection, ensuring attention pat-
terns align with ecological carrying capacity [26]. These theories collectively explain how
economic, social, geographic, and environmental factors shape spatial patterns of digital
tourism interest.

3. Methodology
3.1. Study Area

Zhangjiajie National Forest Park occupies a prominent position in northwestern Hunan
Province China, since its establishment in 1982. UNESCO inscribed it on the World Natural
Heritage List in 1992, and it achieved the distinction of becoming China’s first World
Geopark in 2007. Tourism growth at Zhangjiajie has been remarkable over the past two
decades. Zhangjiajie National Forest Park received a record high of over 7.6973 million
visitors in 2024 [27]. This influx of visitors has positively impacted the local economy,
contributing to infrastructure development and job creation. The park’s recent embrace
of smart tourism initiatives has created new opportunities for visitor engagement and
operational efficiency. Digital transformation efforts now encompass online information
services and modernized management systems, enhancing the overall tourist experience
while generating valuable digital footprints.

3.2. Data Sources and Processing

Baidu index represents 70% of China’s search market and reflects keyword search
frequency through weighted analysis of user search behavior [28]. It serves as a leading
indicator for tourism interest and consideration, with established validity in academic
literature [29]. While search behavior may not directly translate to actual visits, it effec-
tively captures tourism attention patterns and market interest trends. In this study, the
data of Zhangjiajie National Forest Park’s tourism online attention were obtained from
the Baidu index platform (https://index.baidu.com). We selected keyword combinations
such as “Zhangjiajie National Forest Park,” “Zhangjiajie Travels,” and “Zhangjiajie” to
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comprehensively capture public interest in Zhangjiajie tourism. However, the ambiguity
surrounding the keyword “Zhangjiajie,” which could refer to both the city and the scenic
area, is acknowledged as a limitation of this study. Despite this, the global recognition of
the destination and the city’s tourism-oriented development suggest that tourism-related
searches constitute a significant portion of the total search results. Additionally, sensitivity
analysis confirmed consistent spatial patterns across all keyword combinations. Additional
date sources include China Statistical Yearbook, China Tourism Statistical Yearbook, Provin-
cial Statistical Yearbooks (2013-2023), and Zhangjiajie National Forest Park official website
for economic, tourism, and visitor data [30]. It is important to note that while these data
sources are reliable, the inherent limitations of each should be considered when interpreting
the results, particularly regarding the potential discrepancies between online attention and
actual visitor numbers.

3.3. Analytical Methodology

This section outlines the analytical methods employed in this study, focusing on the
application of various theories to rigorously analyze tourism network attention patterns.
Based on push—pull theory, digital tourism behavior theory, spatial interaction theory and
sustainable tourism development theory, this study employs both temporal and spatial
analytical methods to provide a comprehensive understanding of the driving forces behind
tourism network attention. Three temporal indices and four spatial indices were selected
to ensure a robust analysis of attention patterns. The geodetector method was utilized
for its effectiveness in identifying driving factors while accommodating both linear and
nonlinear relationships.

3.3.1. Temporal Analysis Methods
(1) Inter-Annual Change Index

Inter-annual change index is a kind of index used to show the change in the relative
amount of inter-annual difference of network attention, according to the trend of the annual
index of network attention, calculate the inter-annual change in network attention in the
year interval. This index quantifies the fluctuation in tourism interest over different years,
effectively captures the long-term development trajectory of tourist destinations, helping
identify different development stages [31]. The formula is as follows:

N;
1y N;

n~i=1

Y = )

where Y is the inter-annual variation index; Ni is the annual index of network attention in
year i; n represents the number of years. The closer the value of Y is to 100%, it indicates
that the network attention is more stable and the inter-annual variation is smaller in the
interval of the study year.

(2) Seasonal Intensity Index

The seasonal intensity index as it effectively captures the temporal distribution pat-
terns of tourist demand, tourism destinations typically exhibit distinct seasonal visitation
patterns. This index assesses the variation in attention throughout the year, helping to iden-
tify peak tourism periods, which significantly impact their operations and management [32].

12 2
. \/ zmzl(x,fz— 8.33) 2

The formula is as follows:

where represents the seasonal intensity index, and Xm represents the proportion (%) of
network attention in month m to the total attention in the whole year. The larger the value
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of S, the more significant the seasonal difference of network attention. On the contrary, S
tends to 0, indicating that the network attention is more consistent across months.

(3) Intra-Week Distribution Skewness Index

The intra-week distribution skewness index is established on the basis of the day-by-
day network attention accumulation curve, which is used to investigate the centralized
distribution characteristics of network attention in weekly time period. The intra-week
distribution skewness index is ability to reveal tourists’ temporal behavior patterns within
shorter time periods. Weekly search patterns can effectively predict short-term tourist
arrivals and help destinations better prepare for visitor fluctuations [33]. The formula is
as follows:

2 7.
T =100 > (Zi:l ix; — 4) 3)

where T is the intra-week distribution skewness index; Xi is the percentage of network
attention on day i to the total number of network attention in the week. T value is less than
0, indicating that the network attention in the first half of the week is more centralized; T
value is greater than 0, indicating that the network attention in the second half of the week
is more centralized; T value is equal to 0, indicating that the network attention in the front
and back half of the week is symmetrically distributed.

3.3.2. Spatial Analysis Methods
(4) Geographic Concentration Index

The geographic concentration index is analyzing spatial distribution patterns of
tourism attention, which effectively measures the degree of spatial agglomeration in
tourism markets, analyzing spatial concentration helps identify core tourist source markets
and evaluate market penetration across different regions [34]. The formula is as follows:

G=100x /Y. (P./P)? (4)

where G is the geographic concentration index, Pa is the network attention of province a,
and P is the total network attention of the whole country; the larger the value of G is, the
higher the spatial concentration of network attention is.

(5) Primacy Index

The primacy index originally developed in urban studies, has been widely adopted
in tourism research to measure market concentration patterns, which effectively reveals
the spatial hierarchy of tourism markets and can intuitively reflect the degree of concentra-
tion of the network attention of the tourism network of Zhangjiajie National Forest Park,
which evaluates whether attention is disproportionately focused on a few leading regions,
reflecting market dynamics [35]. The formula is as follows:

_h

pP—
P,

)

Among them, P is the first degree index, P1, P2 represents the regional scale in the first
and second place in the region Zhangjiajie National Forest Park tourism network attention,
respectively. It is usually believed that P = 2, indicating that the regional attention is too
concentrated; P < 2, indicating that the regional attention is relatively balanced, the degree
of agglomeration is moderate.

(6) Coefficient of Variation

The coefficient of variation is a statistical measure used to compare the degree of disper-
sion of different data sets, which has been widely used in tourism research to measure spatial
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disparities in tourism development. It effectively captures the degree of spatial dispersion in
tourism attention across different regions [36]. The formula is as follows:

2oL (x —%)2

CV = 31

(6)

Rl =

where i is the provincial administrative region; Xi is the ith provincial administrative region
to Zhangjiajie National Forest Park tourism network attention; is the average network
attention of Zhangjiajie National Forest Park tourism; CV value that is, the larger the
coefficient of variation, indicating that the spatial distribution of Zhangjiajie National
Forest Park tourism network attention is more uneven, the more obvious the difference,
and vice versa.

(7) Herfindahl-Hirschman Index

The Herfindahl-Hirschman index (HHI), originally developed for measuring market
concentration in industrial economics, which effectively measures the spatial concentration
of tourism markets across different regions, and helps evaluate the evolution of market
structure and competition patterns in tourism destinations, indicating potential monopolis-
tic behaviors [37]. The formula is as follows

H=Y"_ 5 )

The formula is as follows: H is Herfindahl-Hirschman index, Sa is the ratio of a
province’s network attention to the national total attention, and the closer the value of
His to 1, the higher the market concentration is.

(8) Geodetector

The geographical detector is an innovative spatial statistical method for detecting
spatial stratified heterogeneity and revealing its driving factors. This method’s unique
strengths in analyzing spatial differentiation mechanisms make it ideal for this study. The
geographical detector has several distinct advantages, including (1) it can detect both linear
and nonlinear relationships between factors and spatial patterns; (2) it effectively reveals
interaction effects between different factors; and (3) it quantifies the relative importance
of each factor through factor detection g-values [38]. In this study, we employ two core
functions of the geographical detector:

1. Factor Detection

Factor detection: It is used to measure the explanatory power of individual influencing
factors on the spatial divergence of network attention. This analysis helps to pinpoint
which factors significantly influence tourism attention patterns.

1 L

Among them, g is the explanatory power of detection factor X,i=1, 2, ..., L is the
number of layers of detection factor X, N and Ni are the number of units in the study area
and layer i, 0; and 0 respectively, and represent the variance of the network attention in the
study area and layer i, respectively. g takes the value of 0~1, and the closer to 1, the stronger
the influence of the detection factor on spatial differentiation of the network attention in
tourism; conversely, the weaker the influence of the detection factor. The closer the value of
g is to 1, the stronger the influence of the detection factor on the spatial differentiation of
tourism network attention.
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2.  Interaction Detection

Interaction detection: It is used to analyze the effect of the interaction of two factors on

the spatial variance of online attention. The interaction of the two factors is q(X1 N X2), and
by comparing 4(X1), (X2) and (X1 N X2), we can determine the strength of the interaction
and the type of interaction of each probe factor (Table 1). This analysis provides insight

into how factors interact with each other to shape tourism attention patterns.

Table 1. Types of interaction between two factors.

NO.

Judgment Basis Interaction Type

Explanation

q(X1 N X2) < min(g(X1), q(X2)) Nonlinearity attenuation

This scenario indicates that the
interaction between the two factors
reduces the individual contributions of
each factor. It suggests that when these
factors interact, their combined effect
is less than expected, possibly due to
conflicting influences.

N

min(g(X1), §(X2)) < g(X1 N X2)

< max(@(X1), 4(X2)) Single factor nonlinearity weaken

This situation describes an interaction,
where the effect of one factor is
enhanced, but not to the extent that it
outweighs the stronger factor. It
implies that the factors have a
synergistic relationship without
completely dominating one another.

@

g(X1 N X2) > max(gq(X1), g(X2) Two-factor enhancement

In this case, the interaction between
the two factors leads to a combined
effect that exceeds their individual
impacts, indicating a synergistic
relationship, where both factors work
together to amplify their effects on
tourism attention.

B

g(X1 N'X2) = q(X1) + q(X2) Independent

This indicates that the two factors do
not influence each other, allowing for a
clear assessment of their individual
impacts on tourism network attention.
Each factor operates independently
without enhancing or diminishing the
other’s effect.

g(X1 N X2) > g(X1) + g(X2) Nonlinear enhancement

This scenario highlights that the
interaction produces a more significant
effect than the simple sum of
individual factors, suggesting complex
interdependencies that can lead to
unexpectedly high levels of tourism
attention based on their interaction.

4. Results

To test whether inter-provincial and inter-annual differences in tourism network

attention are statistically significant, two one-way ANOVA tests were conducted. The first

treated provinces as groups (each containing 11 yearly observations), while the second

considered years as groups (each with 31 provincial observations). The province-based

ANOVA yielded a highly significant result (F =

28.29, p < 0.001), indicating substantial

spatial disparities in online tourism interest across China’s provinces. Similarly, the year-
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based ANOVA was also statistically significant (F = 7.86, p < 0.001), suggesting that tourism
network attention has undergone notable fluctuations over time from 2013 to 2023. This
discovery provides a solid foundation for the subsequent use of methods such as geographic
concentration index, coefficient of variation, and geographic detectors in this study to deeply
analyze its spatial pattern characteristics and reveal the underlying driving mechanisms.

4.1. Temporal Evolution Analysis

Network attention for Zhangjiajie National Forest Park demonstrated three distinct
phases over 2013-2023 (Figure 1). During the rapid rise phase (2013-2017), annual searches
increased from 5.45 to 11.93 million (118.86% growth). Mobile usage expanded from
35.17% to 56.42%, reflecting broader digitalization trends. The fluctuation adjustment
phase (2018-2020) maintained high attention levels (7.11-10.70 million) but with increased
volatility. COVID-19 reduced 2020 attention by 33.6% compared to 2019, demonstrating
the destination’s vulnerability to external shocks. The recovery phase (2021-2023) saw
attention rebound to 9.35 million by 2023, with mobile searches reaching 82.61%. Notably,
2023 marked the first year when spring attention exceeded traditional summer peaks,
indicating evolving tourist preferences toward off-peak travel.

1400.00
1200.00
1000.00
800.00
600.00
400.00
200.00

0.00
2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023

==fll== Overall daily average PC daily average Mobile daily average

Figure 1. Inter-annual change in attention network in Zhangjiajie National Forest Park from
2013 to 2023 (million).

Seasonal Evolution Patterns. The temporal analysis reveals a consistent “bimodal”
distribution with primary peaks in July-August (averaging 12.96% of annual attention) and
secondary peaks in April-May (Figure 2). However, 2023 marked a significant shift with
spring attention (13.67% in April, 16.39% in May) exceeding summer levels for the first
time. This change possibly reflects post-pandemic travel preference shifts toward avoiding
peak-season crowds and the influence of extended holiday policies such as the five-day
Labor Day holiday (Table 2).

Holiday Effect Analysis. Long holidays consistently generated the highest attention
levels, with National Day periods showing peak activity. National Day 2016 reached the
highest recorded daily attention of 243,800 searches (Figure 3). The pandemic temporarily
disrupted these patterns in 2020, with all holiday attention declining significantly before
recovering to pre-pandemic levels by 2021-2023 (Table 3).
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Figure 2. Monthly attention network accounts for the proportion of the whole year from 2013 to 2023.

Table 2. Seasonal intensity index of network attention in each month from 2013 to 2023 (ten thousand).

0

2013 2014 2015 201620172018 2019 2020 2021 2022 2023

Figure 3. Holidays changes in attention network from 2013 to 2023.

E 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023
1 17.62 43.01 20.69 27.51 42.39 23.66 31.52 21.95 11.87 11.75 28.39
2 17.38 4843 53.50 60.17 99.16 79.37 83.68 41.39 38.67 40.03 58.20
3 29.95 58.86 77.65 80.07 89.67 96.77 85.81 39.47 70.67 38.17 82.79
4 37.00 74.13 97.79 91.46 95.69 113.70  105.14 41.01 98.69 37.65 122.69
5 36.15 73.57 94.31 103.30 11043 101.94 100.39 60.94 74.73 42.21 147.08
6 3491 78.38 99.48 10243  111.31 92.11 90.21 61.98 68.61 54.77 90.61
7 81.59 86.30 139.37 152.76 ~ 142.83 116.23 116.64 66.48 169.96 80.37 80.23
8 69.48 89.94 136.58 165.87 136.72 10549 109.51 86.64 72.26 68.62 70.13
9 70.77 81.31 104.65 122.02  108.18 82.62 95.18 81.16 45.40 49.17 55.15
10 64.39 79.05 96.26 124.09 90.56 86.39 73.68 76.45 45.04 42.30 56.26
11 43.18 51.29 63.97 80.59 66.06 70.84 57.11 54.96 33.32 50.39 51.38
12 42.82 5791 65.01 63.39 62.11 64.56 54.50 48.39 35.70 34.53 54.56
S 8.1899  8.1629 8.1857 8.1912 8.1820 8.1647 8.1662 8.1346 8.1663  8.1297 8.1761
300,000
250,000
200,000 === New Year's Day
=== Spring Festival
150,000 Qingming
=== |abor
=== Dragon Boat Festival
100,000 == Mid-Autumn Festival
«=@== National Day
50,000
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Table 3. Skewness index of intra-week distribution.
Spring Festival (T1) Labor Day (T2) National Day (T3)

2013 5.78 -5.59 —12.14

2014 —1.92 —-1.23 —2.71

2015 4.67 —6.76 —13.38

2016 6.54 —3.43 —11.52

2017 9.30 —-1.35 —10.47

2018 8.47 —2.16 —13.24

2019 3.77 1.53 —11.81

2020 —7.54 —10.64 —6.29

2021 —3.38 —2.80 —6.76

2022 11.05 —-3.36 4.62

2023 3.91 —4.90 —2.38

4.2. Spatial Distribution Evolution

Spatial analysis reveals progressive geographic convergence in tourism attention
distribution despite persistent regional hierarchies (Table 4). The coefficient of variation
decreased from 0.6849 (2013) to 0.5382 (2023), while the geographic concentration index
declined from 4.7390 to 4.1603, indicating reduced spatial concentration. The Herfindahl-
Hirschman index remained stable around 0.04 with primacy indices below 2.0, confirming
no regional monopoly exists.

Table 4. Spatial differences of network attention from 2013 to 2023 (ten thousand).

Ccv G H P
2013 0.6849 4.7390 0.0474 1.4454
2014 0.6206 4.4682 0.0447 1.2345
2015 0.6298 4.5054 0.0451 1.2202
2016 0.5905 4.3504 0.0435 1.0385
2017 0.5561 4.2235 0.0422 1.0124
2018 0.5263 4.1193 0.0412 1.0459
2019 0.5071 4.0554 0.0406 1.0323
2020 0.5758 4.2952 0.0430 1.1484
2021 0.5751 4.2927 0.0429 1.2240
2022 0.5881 4.3416 0.0434 1.2743
2023 0.5382 4.1603 0.0416 1.0012

The spatial evolution over the full study period is presented in Appendix A Figure A1,
while key representative years are shown below.

The spatial pattern maintains a persistent “East High, West Low” structure throughout
the study period (Figure 4). Eastern coastal provinces (Guangdong, Jiangsu, Zhejiang)
and central provinces (Hunan, Henan, Hubei) consistently dominate attention levels due
to three causal factors: superior transportation infrastructure providing direct access,
higher economic capacity enabling tourism consumption, and concentrated digital mar-
keting presence. Western provinces (Tibet, Qinghai, Xinjiang) and northeastern regions
show substantially lower engagement primarily due to distance barriers, limited direct
connectivity, and lower per-capita disposable income. COVID-19 temporarily increased
spatial concentration in 2020 (CV: 0.5758), but the long-term decentralization trend resumed
by 2021-2023.

Regional growth patterns demonstrate spatial convergence despite persistent hier-
archical differences. Western and central provinces achieved faster growth rates (19.65%
and 13.01% respectively) than eastern provinces (5.84%), yet absolute attention levels
remain concentrated in economically developed regions, with Guangdong maintaining
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market leadership throughout the study period (Table 5). Detailed provincial-level data
(Appendix A Table Al).

Atntion Netwrk

opars

Figure 4. Spatial distribution evolution of tourism network attention across four critical periods:
(a) 2013 baseline; (b) 2016 growth peak; (c) 2020 pandemic impact; (d) 2023 recovery phase.

Table 5. Regional summary statistics.

Region East Central West Northeast
2013 15.56 16.64 6.12 8.83
2014 16.56 38.01 15.65 19.35
2015 17.56 51.59 20.72 24.67
2016 18.56 53.78 2541 28.46
2017 19.56 53.65 25.33 30.89
2018 20.56 46.48 22.24 28.74
2019 21.56 43.48 22.71 30.64
2020 22.56 31.18 14.10 18.95
2021 23.56 34.05 15.08 21.74
2022 24.56 25.98 11.15 15.50
2023 25.56 40.45 19.34 25.85

Average (%) 5.84% 13.01% 19.65% 17.53%

4.3. Geodetection of Impact Factors
4.3.1. The Factor Detection Framework

Geodetector analysis was applied to identify key drivers of spatial differentiation in
tourism attention using data from 2014 and 2023, representing periods of significant spatial
variation. Eight factors across four dimensions were examined: economic development
(per-capita disposable income, GDP), urbanization level, informatization degree (internet
users), geographical accessibility (distance, flight time), and ecological environment quality
(forest coverage, air quality index) (Table 6).
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Table 6. Influencing factor index system of spatial differentiation.

Influence Factor Representative Index Interpretation Parametric Attribute
Level of economic development Per-capita disposable income/Yuan X1 Forward
GDP (100 million yuan) X2 Forward
Urbanization level Urbanization rate (%) X3 Forward
Degree of informatization Number of internet users (10,000) X4 Forward
Geographical accessibility Geographical distance (km) X5 Forward
Traffic aircraft time distance (minutes) X6 Forward
Ecological environment quality Forest coverage (%) X7 Forward
Air quality index X8 Forward

4.3.2. Single-Factor Detection Results

Geodetector analysis reveals significant shifts in factor influence between 2014 and
2023. In 2014, six factors passed significance testing (p < 0.05), led by per-capita disposable
income (g = 0.465), internet users (g = 0.420), and flight time (g = 0.419). By 2023, only three
factors remained significant: GDP (g = 0.801), internet users (g = 0.781), and geographic
distance (g = 0.757). This convergence indicates that tourism attention patterns have become
increasingly driven by fundamental structural advantages—regional economic capacity,
digital infrastructure, and spatial accessibility—rather than diverse individual factors,
suggesting systematic causal mechanisms rather than random influences (Table 7).

Table 7. Detection results of impact factors.

Impact Factors 2014 2023 Change g
q p Rank q p Rank

X1 0.465 0.034 1 0.365 0.301 5 —0.1
X2 0.39 0.312 4 0.801 0 1 0.411
X3 0.295 0.189 7 0.323 0.306 6 0.028
X4 0.42 0.741 2 0.781 0 2 0.361
X5 0.257 0.316 8 0.757 0.002 3 0.5

X6 0.419 0.194 3 0.406 0.229 4 —0.013
X7 0.309 0.547 5 0.256 0.533 7 —0.053
X8 0.295 0.54 6 0.122 0.799 8 —0.173

Comparison of g-values of individual factors in 2014 and 2023 reveals: Most notably,
GDP has displaced individual income as the dominant influence factor, with its explanatory
power surging from g = 0.390 to g = 0.801. This shift reflects a fundamental change in
tourism dynamics, where regional economic capacity now serves as the primary driver
through interconnected mechanisms. This transformation suggests that structural economic
forces have gained precedence over individual wealth considerations in shaping tourism
attention patterns. Equally significant is the intensification of informatization’s influence,
rising from g = 0.420 to g = 0.781. This evolution demonstrates how digital infrastructure has
become a fundamental enabler of tourism attention rather than merely a communication
tool. Enhanced information accessibility reduces search costs for potential visitors, while
social media platforms exponentially multiply marketing reach and impact.

4.3.3. Factor Interaction Detection Analysis

Factor interaction analysis reveals that all two-factor combinations exhibit higher
g-values than individual factors, indicating significant synergistic effects in determining
spatial differentiation (Table 8). The analysis demonstrates that tourism attention patterns
result from multiple factor interactions rather than single-factor influences.
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Table 8. Detection results of factor interaction.
Factor Interaction 1 Factor Interaction U Factor Interaction U

2014 2023 2014 2023 2014 2023
X1NnX2 0.930 0.870 X2 N X6 0.997 0.889 X4 N X6 0.997 0.836
X1 N X3 0.945 0.706 X2 N X7 0.895 0.978 X4NX7 0.854 0.976
X1 N X4 0.863 0.887 X2 N X8 0.945 0.907 X4 N X8 0.936 0.898
X1 N X5 0.874 0.874 X3NX4 0.926 0.903 X5N X6 0.985 0.847
X1 N X6 0.949 0.701 X3 N X5 0.968 0.843 X5NX7 0.906 0.939
X1 N X7 0.893 0.851 X3 N X6 0.985 0.814 X5N X8 0.972 0.820
X1 N X8 0.817 0.868 X3 N X7 0.999 0.719 X6 N X7 0.708 0.677
X2 N X3 0.762 0.874 X3 N X8 0.745 0.624 X6 N X8 0.666 0.690
X2 N X4 0.752 0.864 X4 N X5 0.796 0.864 X7 N X8 0.777 0.799
X2 N X5 0.766 0.837

Three key interaction patterns emerged: First, economic factors (X1, X2) demonstrate
consistently strong interactions with other variables, with GDP x Forest coverage show-
ing enhanced synergy (g: 0.895—0.978). Second, informatization interactions intensified
significantly, particularly Internet users x Forest coverage (3: 0.854—0.976), reflecting
digitalization’s growing role in nature-based tourism promotion. Third, traditional accessi-
bility advantages weakened, as evidenced by declining Income x Flight time interactions
(g: 0.949—0.701), potentially reflecting transportation infrastructure improvements reduc-
ing spatial differentiation. The results confirm that spatial patterns emerge from complex
factor interdependencies, with economic development serving as the primary catalyst that
amplifies the effects of informatization, accessibility, and environmental quality factors.

5. Discussion

In the evolving tourism landscape, the push—pull theory illustrates a complex inter-
play, where economic development and digital engagement are pivotal. This interaction
signals that travelers today weigh economic strength and digital accessibility more heavily
than before.

5.1. Theoretical Contributions

This study significantly contributes to tourism geography by revealing that network
attention is not only a proxy for ecological tourism demand in forest park settings but also
indicates profound shifts in consumer behavior driven by digital engagement strategies.
Specifically, our findings reveal that push factors, especially GDP, play a more substantial role
in tourist decision making compared to pull factors like ecological appeal. This challenges the
conventional push—-pull balance, suggesting that economic motivations such as employment
and wealth may create greater demand for tourism than ecological factors alone. Moreover,
the interaction effects among multiple factors exceed the influence of individual compo-
nents (g > 0.85), reinforcing the notion that destination attention results from complex
interdependencies, where synergies across various elements (like economic capacity and
digital engagement) play a crucial role in shaping consumer perceptions. Acknowledging
the limitations of a single-case study, this methodological framework offers transferable
tools that can be adapted to analyze tourism trends across diverse natural destinations,
thereby enhancing the broader applicability of the results.

5.2. Push—Pull Dynamics and Causal Mechanisms

The “East high, West low” pattern underscores the intricate interplay of push—pull
dynamics shaped by systemic factors. This suggests that while environmental quality
attracts visitors equally, regional economic capabilities and infrastructure primarily de-
termine attention levels [39]. Although Zhangjiajie’s ecological quality creates universal
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appeal, this insight reveals that effectively addressing regional disparities requires a more
focused approach on improving digital infrastructure and economic conditions in less
developed areas. Specifically, eastern regions benefit from multiplicative advantages: eco-
nomic capacity (higher GDP) combines with infrastructure accessibility (direct flights) and
digital connectivity (higher internet penetration) to create disproportionate attention levels
compared to western regions, where these enabling conditions are limited. The paradoxical
increase in geographic distance influence (g: 0.257—0.757) despite transportation improve-
ments reveals a causal mechanism, where improved connectivity paradoxically increases
distance sensitivity. Enhanced transportation infrastructure creates awareness of travel
possibilities in distant regions, but simultaneously elevates travelers’ sensitivity to costs
associated with travel, complicating their decision-making processes. This suggests that
while connectivity enhances awareness of distant areas, it also elevates travelers’ sensi-
tivity to costs associated with travel, complicating their decision-making processes. The
augmented distance-attention relationship highlights the complexity of consumer behavior
in the context of improved connectivity.

5.3. Comparative Analysis with Other Natural Tourism Destinations

The comparative analysis positions Zhangjiajie uniquely among Chinese natural
destinations, illuminating distinct characteristics that underscore its reliance on promotional
efforts. This analysis reveals that Zhangjiajie’s unique branding and marketing strategies
are crucial for its visibility in a competitive landscape. Unlike established sites such as
Jiuzhaigou which benefit from stable temporal patterns due to mature brand recognition,
Zhangjiajie’s attention volatility indicates a pronounced reliance on marketing strategies,
suggesting that this volatility emphasizes the need for Zhangjiajie to reinforce its branding
through innovative marketing strategies to achieve consistency akin to more established
destinations [40]. The observed spatial concentration in eastern provinces (73.2%) aligns
with broader Chinese tourism patterns, where network attention correlates with regional
economic development [41]. While this study focuses on Zhangjiajie as a representative
case, it demonstrates consistency with broader Chinese forest park tourism characteristics
documented in recent studies [6]. However, Zhangjiajie’s seasonal shift toward spring
dominance differs from traditional summer peak patterns, indicating successful temporal
diversification compared to conventional Chinese forest tourism destinations. This shift
indicates successful strategic adaptation, suggesting the importance of diversifying marketing
efforts to capture off-peak travelers. The findings highlight key strategic implications for
tourism management and marketing, specifically the necessity to leverage digital engagement
to enhance outreach while optimizing marketing expenditure across different seasons.

5.4. Limitations and Future Research

The findings offer practical guidance for forest park management and marketing strate-
gies. The insights derived from this study can inform strategic decisions and operational
improvements in forest park management. Given informatization’s growing influence,
destinations should prioritize digital engagement initiatives over traditional marketing
approaches. Destinations should invest resources in enhancing their digital presence, uti-
lizing social media and mobile platforms to connect with potential visitors. The spatial
analysis reveals significant opportunities for western market expansion through targeted
accessibility improvements and region-specific promotional campaigns. Future studies
might investigate methodologies for utilizing social media analytics to track and predict
shifts in tourist preferences over time. We advocate for interdisciplinary approaches, such
as leveraging Geographic Information Systems (GIS) and big data analysis, to gain a com-
prehensive understanding of visitor behavior. While this single-case study of Zhangjiajie
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provides detailed insights, direct generalizability requires careful consideration. However,
several factors support broader applicability of the results. The analytical framework com-
bining temporal indices, spatial analysis, and geodetector methods offers methodological
transferability to other forest destinations. Future comparative studies involving multiple
forest parks would strengthen these theoretical contributions, while the methodological
approach provides researchers with a tested framework for such investigations.

6. Conclusions

This study investigates the evolution of tourism network attention for Zhangjiajie
National Forest Park from 2013 to 2023,uncovering significant patterns and implications.
The analysis underscores the pivotal role of economic conditions and digital accessibility in
influencing tourist behavior, demonstrating that these factors may overshadow traditional
ecological considerations. Among the factors examined, the findings reveal that both re-
gional GDP and internet user numbers significantly influence attention trends, highlighting
the correlation between economic power and digital accessibility. This study significantly
contributes to tourism geography by revealing that digital search data are not only an
effective indicator of interest in ecological tourism but also a tool for predicting future
tourism trends. Using the push—pull theoretical framework, the results indicate that while
ecological quality at the destination remains relatively even, differences in market charac-
teristics at the origin play a greater role in shaping spatial attention patterns. Furthermore,
this study finds that interactions between multiple factors have a stronger impact than any
single factor, suggesting that future research should examine these nonlinear mechanisms
behind changes in digital attention.

These findings lead to actionable strategies for effective tourism planning and pro-
motion. Effective digital marketing strategies should incorporate mobile search trends to
promote targeted outreach, especially focusing on spring tourism, as our study indicates
that this season is becoming increasingly favored by travelers. This study recognizes several
limitations. While this study provides significant insights, attention must be given to the
discrepancies between online interest and actual travel behavior. Future research should
expand the scope of study, adopt multiple data sources, compare the results of multiple
national forest parks in China, and improve the general applicability of the research results.
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Appendix A
Table Al. Network attention in various regions from 2013 to 2023 (ten thousand).
2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023
Peking 22.54 44.28 53.00 58.28 51.80 48.90 44.58 36.28 40.70 2391 41.48
Tianjin 11.29 21.79 25.51 26.69 23.46 21.70 21.57 15.59 17.60 12.46 19.02
Hebei 11.59 30.97 41.80 45.02 44.71 41.19 41.76 28.95 34.06 23.36 38.97
Shanghai 15.93 33.49 47.83 49.70 48.70 42.68 39.27 30.13 34.79 23.31 32.71
Jiangsu 17.70 47.98 62.71 68.66 68.46 60.11 55.68 39.99 53.54 34.21 54.26
Zhejiang 19.98 42.82 55.70 63.91 57.98 52.07 54.16 34.65 39.46 28.66 45.53
Fujian 10.52 26.68 33.38 40.18 40.16 34.54 35.48 22.05 23.74 17.62 27.68
Shandong 14.53 40.28 52.75 57.31 57.54 55.07 53.34 37.80 45.28 31.78 52.25
Guangdong 27.31 65.50 85.06 99.76 93.16 80.42 76.63 54.79 54.04 42.87 71.56
Hainan 417 9.74 11.42 12.76 13.04 12.78 11.84 8.74 9.54 7.61 12.18
Shanxi 7.88 21.49 29.17 32.19 33.21 30.10 30.14 18.90 21.98 15.48 25.65
Anhui 9.67 24.54 31.79 35.67 40.84 36.66 33.69 23.94 27.22 20.30 32.27
Jiangxi 8.99 22.98 32.86 36.92 38.12 34.03 30.65 21.63 21.19 16.43 27.36
Henan 16.84 40.87 57.92 64.17 59.93 54.35 48.55 32.12 37.19 25.73 46.92
Hubei 16.98 37.29 54.01 57.66 55.46 46.82 43.63 27.57 30.54 23.32 39.05
Hunan 39.47 80.86 103.8 96.06 94.32 76.89 74.23 62.92 66.15 54.62 71.47
Inner Mongolia 6.21 14.66 17.18 20.66 21.07 20.27 20.29 13.56 15.53 11.80 19.41
Guangxi 9.39 2191 28.03 31.51 31.19 3241 32.05 17.50 17.97 14.25 26.38
Chongqing 8.13 22.62 30.70 35.48 37.65 28.45 30.94 19.84 21.40 14.37 25.52
Sichuan 10.13 27.34 46.42 68.26 59.78 45.95 46.70 30.90 32.73 21.55 38.93
Guizhou 6.45 17.71 24.00 29.36 32.54 27.93 32.77 15.35 14.83 11.37 21.04
Yunnan 6.25 14.76 18.70 22.81 24.89 23.00 24.80 15.18 15.72 12.13 21.68
Xizang 1.10 2.56 3.66 4.04 4.32 4.66 4.32 3.32 3.50 2.93 4.24
Shaanxi 10.09 26.27 35.70 40.15 38.03 33.14 31.31 20.26 23.00 17.59 27.18
Gansu 5.11 12.75 15.06 18.34 18.99 18.78 18.40 12.06 12.18 9.13 16.74
Qinghai 2.15 6.46 7.44 8.53 8.67 8.44 7.86 5.98 6.10 4.24 7.20
Ningxia 3.19 8.82 9.70 11.32 10.80 10.38 9.99 6.91 7.59 5.88 9.30
Xinjiang 5.19 11.90 12.05 14.48 15.98 13.47 13.06 8.38 10.38 8.60 14.41
Liaoning 11.72 24.48 34.09 36.47 41.41 38.52 40.19 24.53 28.58 20.14 34.28
Jilin 7.09 16.46 19.64 2411 25.18 23.67 24.89 15.20 17.73 12.53 20.67
Amur River 7.67 17.12 20.29 24.80 26.07 24.02 26.83 17.11 18.91 13.84 22.59

(a) 2013

() 2019

(i) 2021

Figure A1. Provincial distribution of network attention from 2013 to 2023.
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