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Abstract: Due to advancements in information technology and growing eco‑tourism demand, Na‑
tional Park Network Attention (NPNA) has emerged as a novel indicator of tourism appeal and
ecological value recognition. Utilizing Baidu search index (accessed in 2023) data from 2013 to 2022,
this study employs time series analysis, index analysis, and spatial statistics to measure and differ‑
entiate the spatial and temporal aspects of NPNA across 31 provinces, regions, andmunicipalities in
mainland China, while systematically assessing the impact of various factors from both source and
destination perspectives. Over the period of 2013 to 2022, NPNA has increased annually, peaking
around holidays and during spring and autumn, demonstrating pronounced seasonality and precur‑
sor effects, while exhibiting volatility due to external events. Influenced by factors from both source
and destination perspectives, the spatial distribution of NPNA displays a trend of being “high in the
east and low in the west” and “high in the south and low in the north”, though regional disparities
are diminishing. The population size in the source areas remains the dominant factor influencing
NPNA, while the concept of national parks is not yet widely recognized. The destination’s tourism
resource endowment, media publicity, accessibility, and level of informatization are significant in‑
fluences. An effective integration of resources and marketing is essential for boosting NPNA. The
findings provide valuable insights for optimizing the spatial layout of national parks, enhancing
the tourism service system, innovating communication and promotional strategies, and improving
national park governance effectiveness.

Keywords: national parks management; network attention; Baidu Index; Prophet analysis; geo‑
graphical detectors; influencing factors; tourism demand; China

1. Introduction
A national park refers to a designated land or sea area primarily established to pro‑

tect nationally representative natural ecosystems, promote scientific conservation, and en‑
sure the rational utilization of natural resources [1]. National parks constitute the most vi‑
tal components of China’s natural ecosystem, showcasing exceptional natural landscapes,
preserving the essence of natural heritage, and harboring abundant biodiversity. They are
subject to comprehensive protection measures and encompass complete ecological pro‑
cesses [2]. In recent years, as mainland China has initiated the pilot, development, and
establishment of a national park system, national parks have received widespread atten‑
tion from all sectors of society for their rich ecotourism resources and national symbolic
status. Reports indicate that the country already boasts 563 nature reserves that facil‑
itate ecotourism activities, with each reserve attracting an average of over 220,000 visi‑
tors annually and generating an annual gross income surpassing CNY 22.8 billion (USD
3.2 billion) [3].
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In the era of big data, the digital traces resulting from tourists’ information search and
decision‑making processes can bemeasured as individuals’ attention to travel and tourism
networks. China’s advancement in informatization construction has led to a substantial in‑
crease in the number of Chinese internet users, reaching 1.067 billion as of December 2022,
accompanied by a corresponding internet penetration rate of 75.6% [4]. Digital technol‑
ogy serves as a formidable catalyst for the transformation, advancement, and high‑quality
growth of the tourismmarket. Network attention plays a pivotal role in resource allocation
and marketing endeavors of tourism destinations [5,6], thus garnering significant atten‑
tion from both domestic and international scholars. Presently, network attention research
predominantly centers on the following areas. Firstly, research focuses on prediction uti‑
lizing the data on network attention. For instance, Clark et al. [7] and Bangwayo‑Skeete
et al. [8] used Google Trends to construct prediction models for tourist and destination
search volumes, respectively. Secondly, research on the effects of network attention, for
example, that by Huang et al. [9] and Li Shan et al. [10], demonstrated that the Baidu In‑
dex enhances predictions of actual tourist flows and exhibits a precursor effect. Thirdly,
Zhang et al. [11] and Liu et al. [12] utilized the Baidu Index to investigate the impacts of
film and television works and online public opinion events on network attention. Studies
also focus on network attention related to specific types of tourism and the factors influ‑
encing this attention, such as regional scenic spots [13], red tourism [14,15], ice and snow
tourism [16], and tourism safety [17]. However, systematic research is lacking on the tem‑
poral evolution and spatial distribution of the public’s network attention to national parks,
a significant form of tourism.

The establishment of national parks plays a crucial role in protecting ecological re‑
sources and offers the public and visitors opportunities for natural science education, en‑
vironmental protection, and scientific research. Given that national parks serve both eco‑
logical protection and public recreation, studying their network attention offers valuable
insights for management decisions. Studies show that analyzing search engine data can
effectively predict tourist flow [7,9] and monitor the tourism industry’s scale [18–20]. On
the other hand, the factors influencing the spatial and temporal variations of network atten‑
tion are complex, involving micro factors like tourist personal characteristics and macro
factors like destination attractiveness [21,22], necessitating a clarification of their mecha‑
nisms. Recent domestic research on national parks has centered on community participa‑
tion [23–25], functional zoning [26–28], and environmental education [29,30], with studies
proposing path research at specific sites [31–34]. However, there is a dearth of empirical
research on national parks in ecotourism.

Considering this, we opt for “national parks” as the search term and employ the
Baidu Index data platform to acquire search indices for 31 provinces (autonomous re‑
gions and municipalities) in mainland China from 2013 to 2022. We address the following
questions: (1) What are the temporal trends and cyclical characteristics of National Park
Network Attention (NPNA)? (2) What are the spatial distribution patterns and regional
differences of NPNA? (3) What key factors drive these temporal and spatial variations?
The study’s findings could enhance national parks’ role in enriching China’s tourism land‑
scape and supporting sustainable natural resource management, aligning with goals for
cultural promotion and tourism growth. Additionally, it could offer decision‑making in‑
sights for the scientific planning, precise marketing, and sustainable management of na‑
tional parks, thereby promoting the construction of ecological civilization and high‑quality
tourism development.

2. Data Sources and Research Methods
2.1. Study Area and Data Sources

The Baidu Index data platform [35] enables the scientific calculation of search volumes
for specific keywords by netizens, thus reflecting their level of attention towards particular
topics. In 2013, a significant initiative for the establishment of a national park system was
introduced by the Third Plenary Session of the 18th Central Committee of the Communist
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Party of China. For the examination of temporal and spatial distribution characteristics
of the NPNA, this study utilized “国家公园 (national park)” as the search keyword and
obtained Baidu Index data on a daily, monthly, and annual basis from 1 January 2013,
to 31 December 2022, via web crawlers. The study area is 31 provincial‑level administra‑
tive units in mainland China (excluding the Hong Kong SAR, the Macao SAR, and Tai‑
wan), which were categorized into seven regions based on administrative geographic divi‑
sions [36]: Northeast China (NE), East China (ED), North China (NB), Central China (CD),
South China (SD), Southwest China (SW), and Northwest China (NW) (Figure 1). These
data act as a proxy for public network attentionmeasurement, targeting the investigation of
the spatiotemporal distribution characteristics ofNPNA. Figure 1 shows the distribution of
geographical regions in China. The base map is sourced from the National Standard Map
Service Website of the Ministry of Natural Resources [37], whose registration number is
GS (2019)1822. Additionally, this research investigates the search volumes for keywords
related to ten pilot national parks outlined in the 2017 “General Plan for Establishing a
National Park System”. Ultimately, data on network attention was obtained for five spe‑
cific national parks: Giant Panda, Northeast Tiger and Leopard, Three‑River‑Source, Wuyi
Mountains, and Pudacuo. Furthermore, the analysis of relevant factors influencing NPNA
was conducted using variable settings derived from existing research results. The primary
data sources encompassed the China Statistical Yearbook, China Tourism Statistical Year‑
book, statistical yearbooks of provinces (autonomous regions and municipalities), Statisti‑
cal Bulletins of National Economic and Social Development, China Environmental Status
Bulletin, and the China Internet Network Development Statistics Report from 2013 to 2022,
alongside resources from Qunar and the Baidu Index platform.
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2.2. Research Methods
Following the cleaning, spatial classification, and processing of panel data on factors

influencing the “national parks” Baidu Index, as well as the Baidu Index of five specific
national parks and data from the China Statistical Yearbook for the period 2013–2022, this
paper establishes a foundational database. Leveraging theories from economics and spa‑
tial analysis, this study employs time series analysis, index analysis, and geospatial vi‑
sualization to elucidate the spatiotemporal characteristics of NPNA. This paper details
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the changes and diversifications in periodic NPNA, attributing these to the varying mo‑
tivations behind online behavior. It begins by examining the changes among different
audience groups: those engaged solely in online activities, those whose network attention
stems from offline activities, and those involved in both online and offline activities. Utiliz‑
ing regression analysis and geographic detectors, this study comprehensively investigates
the factors influencing the spatiotemporal differences in NPNA and examines the intrinsic
relationships between these factors from the perspectives of both source and destination,
as depicted in the technical roadmap (Figure 2).

Land 2024, 13, 826 4 of 26 
 

2.2. Research Methods 
Following the cleaning, spatial classification, and processing of panel data on factors 

influencing the “national parks” Baidu Index, as well as the Baidu Index of five specific 
national parks and data from the China Statistical Yearbook for the period 2013–2022, this 
paper establishes a foundational database. Leveraging theories from economics and spa-
tial analysis, this study employs time series analysis, index analysis, and geospatial visu-
alization to elucidate the spatiotemporal characteristics of NPNA. This paper details the 
changes and diversifications in periodic NPNA, attributing these to the varying motiva-
tions behind online behavior. It begins by examining the changes among different audi-
ence groups: those engaged solely in online activities, those whose network attention 
stems from offline activities, and those involved in both online and offline activities. Uti-
lizing regression analysis and geographic detectors, this study comprehensively investi-
gates the factors influencing the spatiotemporal differences in NPNA and examines the 
intrinsic relationships between these factors from the perspectives of both source and des-
tination, as depicted in the technical roadmap (Figure 2). 

 
Figure 2. Technology roadmap. 

2.2.1. Methods of Spatial Evolution Analysis 
(1) Prophet time series analysis, a decomposable, open-source model developed by Fa-

cebook, breaks down time series into components such as trends, seasonality, and 
holidays, featuring interpretable parameters. Subsequently, each component is indi-
vidually fitted to the time series, and their collective contribution is calculated 
through an additive model. The basic model can be represented as follows: 𝑦(𝑡) = 𝑔(𝑡) + 𝑠(𝑡) + ℎ(𝑡) + 𝜀௧ (1)

Figure 2. Technology roadmap.

2.2.1. Methods of Spatial Evolution Analysis
(1) Prophet time series analysis, a decomposable, open‑source model developed by Face‑

book, breaks down time series into components such as trends, seasonality, and hol‑
idays, featuring interpretable parameters. Subsequently, each component is individ‑
ually fitted to the time series, and their collective contribution is calculated through
an additive model. The basic model can be represented as follows:

y(t) = g(t) + s(t) + h(t) + εt (1)

where g(t) denotes the trend component—encompassing both linear and nonlinear trends;
s(t) for the seasonality or cyclical component—spanning periods from yearly to daily; h(t)
for holiday effects—capturing the influence of non‑fixed holidays or events; and εt as the
noise term, denoting random fluctuations. For modeling, this study utilizes R version 4.3.2
and the Prophet framework, with parameter optimization achieved via grid search and
cross‑validation [38,39].



Land 2024, 13, 826 5 of 25

(2) The Seasonal Concentration Index (SCI) is utilized to depict the temporal concentra‑
tion of network attention across seasons. A higher SCI value signifies a greater con‑
centration of network attention within a particular season, whereas a lower SCI value
signifies a more evenly distributed network attention across seasons. The specific for‑
mula is as follows:

SCI =

√
∑12

i=1(xi − 8.33)2

12
(2)

where xi represents the ratio ofmonthly network attention to annual network attention [40].

(3) The Herfindahl Index (HI) is utilized to measure the degree of temporal and spatial
concentration within the regional economic scale. The HI value ranges from 0 to 1,
where a value closer to 1 indicates a more concentrated temporal and spatial distribu‑
tion, while a value closer to 0 indicates a more dispersed distribution. The equation
is as follows:

HI = ∑n
i=1 P2

i (3)

where Pi represents the ratio of network attention in a specific time period or spatial unit
to the total attention [13].

2.2.2. Methods of Spatial and Temporal Evolution Analysis
(1) The Geographic Concentration Index (GCI) is employed to analyze the spatial con‑

centration of network attention. A higher GCI value closer to 100 indicates a more
concentrated distribution of network attention among different regions, whereas a
lower value indicates a more dispersed distribution. TheGCI is calculated as follows:

GCI = 100 ×
√

∑n
i=1

( xi
S

)2
(4)

where xi represents the network attention value of the i‑th region, and S represents the
total network attention value of all regions [13].

(2) The Gini coefficient (GC) measures the degree of imbalance in network attention
across regions, with a higher GC indicating a larger disparity in network attention
between provinces or regions. According to the United Nations, a GC value exceed‑
ing 0.4 denotes a significant imbalance. The formula is as follows:

GC =
1

2n2µy
∑n

i=1 ∑n
j=1

∣∣yi − yj
∣∣ (5)

where n represents the total number of regions; µy is the average network attention across all
regions; and yi and yj correspond to the network attention in regions i and j, respectively [41].

(3) The coefficient of variation (CV) is utilized to reflect the disparity and balance of the
regional distribution of network attention. A higher CV value indicates a more sub‑
stantial spatial difference, whereas a lowerCV value indicates amore balanced spatial
distribution. The specific formula is as follows:

CV =
1
x

√
∑n
i=1(xi − x)2

n
(6)

where n represents the 31 provinces (regions and municipalities), and xi represents the
network attention value of the i‑th province (autonomous region and municipality) [13].
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(4) The Primacy Index (PI) is employed to indicate the regional concentration of network
attention. A PI value less than 2 suggests a relatively balanced distribution of net‑
work attention, whereas a higher value signifies a more concentrated distribution.
The equation of PI is as follows:

PI = P1/P2 (7)

where P1 and P2 represent the regions with the highest and the second highest network
attention, respectively [13].

(5) Moran’s I is utilized to examine the evolutionary characteristics and correlation of
network attention across different spatial units, often divided into global and local
spatial autocorrelation Moran’s I indices. The former indicates the overall concen‑
tration of network attention across the entire study area, whereas the latter reflects
the heterogeneity of network attention distribution in local study areas. The specific
calculation formula is as follows:

I =
n

∑i ∑j Wij
×

∑i ∑j Wij(xi − x)×
(
xj − x

)
∑i (xi − x)2 (8)

Ii =
n2

∑i ∑j Wij
×

(xi − x)∑j Wij
(

xj − x
)

∑j
(
xj − x

)2 (9)

where I and Ii represent the global and local spatial autocorrelation Moran’s I indices, re‑
spectively; i and j represent each province (autonomous region andmunicipality); andWij
represents the spatial weight matrix. In this paper, the spatial weight matrix based on geo‑
graphic distance is constructed using the Euclidean distance calculation method, obtained
from the latitude and longitude data of relevant units [42,43].

(6) Spatial Visualization: ArcGIS 10.5 software facilitated the creation of a map high‑
lighting the spatial evolution characteristics of NPNA. Based on the findings, interest
breakpoints within each province were categorized, enabling the analysis of the dy‑
namic spatial changes in national park network interest.

2.2.3. Methods of Influencing Factors Analysis
(1) Regression analysis: Network attention serves as a direct behavioral reflection of

tourist demand, encompassing both factors and volumes. Economically, besides the
influence of tourists themselves, the motivation from the source region’s living envi‑
ronment is significantly associated with tourist demand [21]. Considering the spa‑
tiotemporal distribution and evolution of NPNA, relevant indicators from the source
regions are identified as influencing factors. A quantitative analysis is performed to
assess the impact of each factor on NPNA. Utilizing panel data, this study constructs
a multivariate regression model to measure the influence of these factors [44].

(2) Geo‑Detector is a statistical method used to explore the spatial differentiation of fac‑
tors [45]. It is capable of detecting the consistency between the spatial distribution of
network attention and influencing factors. It not only reveals the spatial relationships
between variables but also identifies key influences and interactions. Tourists’ net‑
work attention with national parks is influenced not only by the push factors of their
own environment but also by the pull factors of the destination’s attributes. This pull
factor reflects the extent to which a destination satisfies tourists’ needs and expecta‑
tions [22]. Employing the GD package in R 3.4.2 [46], the study optimally discretizes
continuous variables for spatial data, utilizing combined network attention data for
five specific national parks in 2021. Factor and interaction detection techniques reveal
the determinants influencing the spatial distribution of NPNA, with the calculation
formula shown as follows:

qx = 1 − ∑L
h=1 Nhσ2

h

Nσ2 (10)
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where qx represents the detection value of the independent variable x on network attention,
ranging from 0 to 1. A higher qx value indicates a stronger influence of the independent
variable x on network attention. L represents the partition of factor x, σh

2 and σ2 represent
the variance of network attention in region h and the whole area, respectively, andNh and
N represent the number of units in region h and the whole area, respectively.

Interaction detection is utilized to explore how different combinations of two factors
affect the dependent variable. Five types of factor interactions are identified: nonlinear
weaken, univariate weaken, bivariate enhanced, independent, and nonlinear enhanced [47].

3. Results and Analysis
With advances in information technology and increased public ecological awareness,

the NPNA has become increasingly prominent. Overall, the NPNA has exhibited a yearly
increase in online attention from 2013 to 2022. In terms of spatial distribution, the patterns
of “east‑west divergence” and “north‑south difference” coexist. Consequently, what is the
evolutionary trajectory of NPNA through time and space? And what are the underlying
drivers? To address these questions, this section will focus on the temporal characteristics,
spatial patterns, and influencing factors of NPNA, conducting a systematic and in‑depth
empirical analysis.

3.1. Temporal Evolution Characteristics of NPNA
3.1.1. Time Pattern Characteristics

Trend analysis (Figure 3) reveals a slight upward trend in NPNA throughout the
study period. Themonthly trend peaks in twelve months at a rate of 3.15, with an R2 value
explaining 44% of the variance. A 10‑month moving average was applied to mitigate cycli‑
cal changes, revealing multi‑peak fluctuations in the total NPNA rate, especially in 2017,
2019, 2020, and 2021. The overall growth trend and observed peaks correlate significantly
with key developments in national park management and policy guidance. Among them,
in 2017, the Central Government and the State Council published the “General Plan for
Establishing a National Park System”. In 2019, the Central Government officially released
the “Guiding Opinions on Establishing a Nature Reserve System with National Parks as
the Main Body”. In 2020, the National Forestry Grassland Bureau began the comprehen‑
sive initiation, acceptance, and evaluation of national park system pilot tasks, concurrent
with the release of regulations and standards by the National Standardization Manage‑
ment Committee. In 2021, the State Council announced the first batch of five national
parks [48]. This trend is evidently influenced by policy guidance and significant histor‑
ical events against the backdrop of internet development. Additionally, the continuous
progress of ecological civilization construction in recent years, along with the deep‑rooted
“Two Mountain” theory, has amplified public awareness and attention to national parks
through policy support and publicity education. Since 2013, the increased popularity of
the internet and smartphones [49] has enabled a growing number of netizens to search for
relevant information about national parks onmobile internet platforms, leading to a signif‑
icant increase in the NPNA. However, there were minor fluctuations in network attention
in 2018. This can be attributed to the launch of the “All‑for‑one Tourism Year” activity by
theNationalMinistry of Culture and Tourism in 2018. Various regions focused on develop‑
ing a comprehensive tourism image, which led to the emergence of new tourism demands
like rural homestays, ice and snow sports, cultural heritage, and urban leisure vacations.
These diversions shifted tourists’ attention away from the NPNA, resulting in a decline in
2018. In 2020, the Ministry of Culture and Tourism (MCT) issued an Emergency Circular
on the Suspension of Tourism Enterprises due to the impact of the COVID‑19 pandemic
and other sudden public health events. This directive led to intermittent closures or visitor
restrictions at National Parks, disrupted public travel, and significantly impacted NPNA.
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3.1.2. Time‑Periodicity Characteristics
The periodic prediction component of the Prophet time series analysis (Figure 4)

demonstrates that NPNA fluctuates across various time scales, indicating a precursor ef‑
fect. The holiday component (Figure 4a) shows a significant negative effect, with NPNA
declining during holidays likeNewYear’s, Spring Festival, Qingming, andMayDay, likely
due to preferences for family reunions or non‑internet activities. The weekly component
(Figure 4b) indicates that NPNA is relatively stable during weekdays and decreases over
weekends, reflecting higher weekday internet activity, with weekend preferences shift‑
ing towards outdoor or leisure activities, thus diminishing online searches for national
park information. The monthly component (Figure 4c) shows that NPNA peaks in the
early to mid‑part of the month, potentially tied to travel planning and holiday‑related
searches, with a trend towards making travel decisions at these times. The yearly com‑
ponent (Figures 3a and 4d) highlights distinct peaks, notably from March to June and
October to November, when the agreeable climate and seasonal scenery changes spark
increased interest. National parks, endowed with abundant natural resources, serve as
quintessential spaces for individuals to connect with nature and seek solace. Conversely,
network attention with national parks typically decreases from July to September and De‑
cember to February of the following year. February often sees the lowest annual engage‑
ment, primarily due to unfavorable climate conditions. Furthermore, winter signifies the
tourism off‑season, with the Spring Festival prompting many to prefer home gatherings
over travel. Moreover, climate change profoundly affects the landscapes’ quality and bio‑
diversity within national parks. During spring and summer, frequent rainfall fosters vege‑
tation growth and water replenishment, crucial for maintaining national parks’ ecosystem
stability. This period witnesses vibrant growth in flora and fauna, rendering it an ideal
time for outdoor experiences, natural scenery appreciation, and educational activities. This
correlates with the increased engagement in national park tourism from March to June.
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To investigate the seasonal characteristics of NPNA in more detail, the Seasonal Con‑
centration Index (SCI) and Herfindahl Index (HI) were employed to analyze the data from
2013 to 2022 (Table 1). The findings reveal distinct seasonal variations in NPNA. Specifi‑
cally, the SCI values for the years 2013–2016 and 2018 consistently remained below 1, ex‑
hibiting minimal fluctuations in the line chart. This suggests a relatively balanced NPNA
during these years, with less influence from seasonal factors. In contrast, for the years 2017
and 2019–2022, the SCI values surpassed 1, accompanied by significant fluctuations in rele‑
vantmonths. Notably, the year 2021 recorded the highest SCI value of 5.7001. Furthermore,
when considering the HI, the value exceeded 0.1 in 2021, while it remained below 0.1 in
the other years, indicating an overall tendency toward 0. The introduction of the initial
batch of national parks in 2021 led to a considerable enhancement in the digitization level
of national parks, resulting in the establishment of dedicated websites for the public. Con‑
sequently, there was a noteworthy increase in NPNA due to the influx of visitors seeking
information and engagement.

Table 1. The Seasonal Concentration Index (SCI) and Herfindahl Index (HI) for monthly National
Park Network Attention of China from 2013 to 2022.

Year 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022

SCI 0.8656 0.9109 0.7468 0.6776 1.7615 0.7123 1.0612 1.8250 5.7001 1.9043
HI 0.0842 0.08433 0.0840 0.0839 0.0871 0.0839 0.0847 0.0873 0.1223 0.0877

3.2. Spatial Evolution Characteristics of NPNA
3.2.1. Spatial Pattern Characteristics

ArcGIS was utilized to visualize the NPNA data spanning from 2013 to 2022
(Figure 5). The findings reveal a spatial pattern of NPNA across the country extending
both horizontally and vertically from south to north and east to west. The eastern re‑
gion exhibits concentrated areas of high NPNA, with a Baidu Index generally exceed‑
ing 40,000. Notably, provinces and municipalities such as Beijing, Guangdong, Zhejiang,
Jiangsu, Sichuan, Shanghai, and Shandong demonstrate substantial attention. The cen‑
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tral region, encompassing Hubei, Henan, Hebei, Hunan, Shaanxi, and Anhui, showcases a
moderate level of attention, ranging from 20,000 to 40,000 in terms of the Baidu Index. Con‑
versely, the western region, which comprises Qinghai, Xinjiang, Gansu, Guizhou, Ningxia,
andTibet, has consistently displayed low levels of attention over the past decade, character‑
ized by a Baidu Index below 20,000. Moreover, areas with heightened attention primarily
cluster around the eastern coastal regions andmajor cities, whereas regions with relatively
lower attention are predominantly distributed in the western and remote inland areas.
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The spatial analysis of national park network concern was conducted by calculating
the indices using Equations (4)–(7) (Table 2). The results indicated that the spatial distri‑
bution of NPNA became more dispersed over the decade, displaying a moderate level
of regional clustering and decreasing regional differences. The top two regions exhibited
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minimal disparity andwere relatively balanced. More specifically, theGCI value rose from
16.9245 in 2013 to 18.9870 in 2015 and subsequently declined to 16.0481 in 2022. This indi‑
cates that the spatial distribution of NPNA becamemore dispersed, likely due to the rapid
growth of emerging industries like tourism and the rising public interest in other tourist
destinations. After reaching a maximum value of 0.4431 in 2015, the GC value falls to a
minimum of 0.1860 in 2022, with an overall decreasing trend, indicating that the inequal‑
ity in the attention of the national parks network among provinces is gradually decreasing.
The CV value decreased from 0.7894 in 2013 to 0.3370 in 2022, signifying a substantial de‑
crease in regional disparities in NPNA. Furthermore, the PI value ranged from 1.0 to 1.3,
which indicates a balanced distribution. This suggests that the differences between the top
two regions in terms of NPNA are not significant, likely due to the progressive promotion
of national park construction and the increasing public awareness of nature preservation.

Table 2. Index results of National Park Network Attention in 31 provinces (regions and municipali‑
ties) of China from 2013 to 2022.

Year
Indices

GCI GC PI CV

2013 18.2546 0.4207 1.3172 0.7894
2014 18.5668 0.3995 1.1459 0.7319
2015 18.9870 0.4331 1.1080 0.7948
2016 18.8816 0.4259 1.1437 0.7738
2017 17.5763 0.3227 1.1319 0.5710
2018 17.8292 0.3220 1.1517 0.5668
2019 17.2611 0.2757 1.0943 0.4840
2020 17.1044 0.2612 1.0343 0.4589
2021 16.4364 0.2387 1.1480 0.4229
2022 16.0481 0.1860 1.0957 0.3370

3.2.2. Spatial Differences Characteristics
To capture regional differences in NPNA across China, the 31 provinces (regions and

municipalities) were categorized into seven regions. According to the total NPNA val‑
ues, the east region exhibited the highest NPNA, significantly surpassing the North China
region, which secured the second position, by 41.8%. In contrast, the northeast and north‑
west regions had the lowest NPNA values.

Figure 6 illustrates notable seasonal variations in NPNA across China between 2013
and 2022, indicated by an SCI value exceeding 1. Nevertheless, these differences gradually
diminished over time, while certain regions continued to experience significant seasonal
fluctuations in specific years. From a regional standpoint, all seven regions exhibited an
upward trend in SCI values. Within Northwest and Southwest China, four provinces—
Xinjiang, Qinghai, Ningxia, and Tibet—reported SCI values exceeding 7. This indicates
that these provinces experienced more concentrated seasonal changes in NPNA during
specific years, leading to significant intra‑regional disparities. These patterns can be at‑
tributed to the distinctive monsoon climate and geographical features of Northwest and
Southwest China. For instance, Ningxia and Qinghai experience extremely low tempera‑
tures during winter, rendering them unfavorable for travel during those months and re‑
sulting in decreased attention.

According to the index calculations (Figure 7), the GCI and PI values for NPNA in the
East China remained relatively stable from 2013 to 2022. However, the GC and CV value
exhibited notable fluctuations, with the GC value decreasing from 0.2578 to 0.0735 and the
CV value decreasing from 0.2876 to 0.0898. This suggests a more balanced distribution
of network attention within East China, with decreased disparities between provinces. In
South China, the four index values consistently ranked the highest over the ten‑year pe‑
riod, peaking in 2015 and gradually decreasing thereafter in a unimodal pattern. Despite
the GCI, GC, PI, and CV values for 2022 decreasing to 60.9813, 0.1612, 1.9393, and 0.3400,
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respectively, they remain relatively high compared to other regions, signifying a relatively
concentrated distribution of network attention in South China. From an index perspective,
the GCI values of the seven regions exhibit distinct differences. With the exception of East
China, where the GCI value was less than 50, the GCI values for the other regions ranged
from 50 to 70, indicating a relatively dispersed distribution of NPNA in East China with‑
out clustering, while the remaining regions are characterized by aggregated and uneven
distribution. Notably, South China exhibited the highest GCI value of 69.1651, denoting
a concentrated distribution of NPNA within the region and significant variations among
provinces, particularly with Guangdong province displaying a clustering phenomenon.
Regarding the PI value, the average values for North China, South China, and Northwest
China all exceed 2 and exhibit unstable variations. This signifies notable disparities in the
attention levels between the top two ranked regions, indicating an uneven distribution
of NPNA within these regions, primarily concentrated in specific areas. Notably, Beijing,
Guangdong, and Shaanxi emerge as the core cluster areas within their respective regions.
Additionally, NPNA in Central and Northeast China exhibited relative stability over the
ten‑year period, with a more evenly distributed attention among its provinces. This is
shown by the relatively stable GCI values, as well as the low GC, PI, and CV values.
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3.2.3. Spatial Correlation Characteristics
(1) Global Spatial Autocorrelation Analysis

The global spatial autocorrelation of network attention was examined by calculating
the globalMoran’s I index forNPNA inChina, using Stata17.0 software. From 2013 to 2022,
the Moran’s I index of NPNA in China displayed a negative value, ranging from−0.065 to
−0.111, indicating a significant negative spatial correlation that passed the 5% significance
test (Table 3). This finding suggests a scattered and uneven distribution of NPNA across
the country, with areas of high or low attention tending to be dispersed in space. Over the
decade, the global Moran’s I value exhibited a continuous decrease, reflecting a strength‑
ening spatial dispersion effect and a gradual reduction in spatial distribution differences.
These results are consistent with the previous conclusion.

Table 3. Global Moran’s I index of National Park Network Attention in China from 2013 to 2022.

Year 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022

Global Moran’s I index −0.065 −0.069 −0.070 −0.067 −0.088 −0.096 −0.097 −0.096 −0.097 −0.111
z‑score −1.928 −2.151 −2.198 −2.003 −3.257 −3.704 −3.754 −3.747 −3.787 −4.648
p‑value 0.0270 0.0160 0.0140 0.0230 0.0010 0.0000 0.0000 0.0000 0.0000 0.0000

(2) Local Spatial Autocorrelation Analysis

To examine the spatial heterogeneity of attention towards the NPNA in China, we
conducted a local spatial autocorrelation analysis, revealing local spatial correlation pat‑
terns not captured by the global Moran index. The horizontal coordinate of the scatter
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plot represented the standardized value of network concern for each province (region and
municipality), while the vertical axis represented the weighted average of all neighbor‑
ing provinces (referred to as spatial lag). The resulting scatter plot visually displayed the
provinces corresponding to each quadrant, which were subsequently mapped (Figure 8).
The first and third quadrants exhibited positive spatial correlation, while the second and
fourth quadrants exhibited negative spatial correlation.
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The results reveal significant spatial heterogeneity and non‑uniformity in the distri‑
bution of attention among the 31 provinces, including autonomous regions and munic‑
ipalities. Based on the analysis of a four‑quadrant scatter plot, the distribution pattern
of attention among these regions has remained relatively stable in recent years, except for
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changes observed in Chongqing, Liaoning, Jiangxi, Hunan, Anhui, and Shaanxi. However,
attention in other regions exhibits a certain level of spatial correlation stability. The major‑
ity of provinces, autonomous regions, and municipalities exhibit a distribution of the local
Moran’s I index in the second and fourth quadrants, indicating a “high‑low (H‑L)” and
“low‑high (L‑H)” agglomeration phenomenon in the NPNA, which highlights significant
imbalances in these areas. Consequently, a higher level of attention from nearby urban ar‑
easmay inhibit local attention. This phenomenon is particularly notable in the fourth quad‑
rant, demonstrating a significant “low‑high (L‑H)” agglomeration, which includes Hebei,
Henan, Hubei, Fujian, Shandong, Shanghai, Zhejiang, Jiangsu, Beijing, and Guangdong.
These areas exhibit high levels of NPNA, whereas surrounding areas display lower levels
of attention attributed to disparities in economic and internet development. Despite varia‑
tions in the level of development and distribution of tourism resources among provinces,
each province possesses significant geographic advantages, leading to variations in the
degree of NPNA. Several additional provinces reside in the first and third quadrants, in‑
dicating a balanced development phenomenon characterized by “high‑high (H‑H)” and
“low‑low (L‑L)” situations. For instance, the first quadrant primarily consists of Sichuan
and Yunnan, two provinces with abundant tourist resources and close geographic proxim‑
ity, facilitatingmutual development and exhibiting high development potential. From a re‑
gional perspective, the provinces primarily situated in the first quadrant are concentrated
in Southwest China. The second quadrant encompasses certain provinces in the North‑
west and Northeast regions, while the third quadrant is predominantly found in North
and East China. Meanwhile, the fourth quadrant encompasses the majority of provinces
nationwide, highlighting substantial spatial distribution heterogeneity among provinces
in each region.

3.3. Influencing Factors Analysis
The influencing factors of NPNA are complex, encompassing multiple dimensions

including source and destination. Building on previous research and adhering to the
principles of scientific rigor, comprehensiveness, and accessibility, we employed the lit‑
erature analysis method during the indicator selection process. We reviewed the repre‑
sentative literature on tourism network attention and the spatial–temporal distribution of
tourism flows, initially selecting 14 indicators for source push [50–52] and 31 for destina‑
tion attractiveness [13,14,53–55]. Subsequently, 15 renowned experts in tourism manage‑
ment, human geography, ecological conservation, and urban and rural planning evaluated
these indicators over three rounds using the Delphi method. Experts assessed each indica‑
tor’s relevance, representativeness, and data availability for NPNA, suggesting modifica‑
tions that led to a scientific, comprehensive, and operable evaluation set. Based on expert
feedback, this paper revised the indicator system, including five core indicators reflect‑
ing regional development and tourism consumption capacity from the source perspective
(Table 4). For destinations, this paper selected seven dimensions to reflect the tourism at‑
tractiveness of national parks: Tourism Resources, Tourism Service Level, Transportation
Convenience, TourismDevelopment Level, Environmental Suitability, Socio‑EconomicDe‑
velopment Level, and Tourism Informatization Level, incorporating 15 representative in‑
dicators (Table 4). The data for each indicator are mainly derived from official statistics, in‑
cluding authoritative publications such as the China Statistical Yearbook and China
Tourism Statistical Yearbook, as well as statistical bulletins and data yearbooks published
regularly by the National Bureau of Statistics, the Ministry of Culture and Tourism, and
other government departments.
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Table 4. National Park Network Attention Source and Destination Influence Factor Indicators.

Sources of
Influencing
Factors

Dimension Specific Indicator ID Indicator Explanation Unit

Source region

Economic
Conditions EC Per Capita GDP CNY

Population Size PS Resident Population 10,000 people
Internet

Development Level IN Internet Coverage %

Education Degree ED Proportion of People with
Tertiary Education %

Tourism
Expenditure TE

Resident Consumption
Expenditure on

Communication, Culture,
Education, Entertainment,

and Medical Care

CNY

Destination

Tourism
Resources

Tourism Resources
Abundance X1

Calculated by assigning
value to Region 3A‑level

Scenic Area
–

Tourism
Service
Level

Star‑rated Hotels
Number X2

Total number of hotels
above three‑star level units

Homestays Number X3
Data obtained from where

the homestay is units

Travel Agencies
Number X4

Total number of travel
agencies units

Transportation
Convenience

Cross‑city
Transportation

Carrying Capacity
X5 Passenger transport volume 10,000 people

Urban Public
Transportation
Convenience

X6
Number of public buses per

10,000 people bus unit

Tourism
Development Level

Tourism Economy
Contribution X7

Total tourism
revenue/Regional GDP %

Tourist Reception
Scale X8

Number of domestic tourist
receptions

10,000
person‑times

Environmental
Suitability

Green Construction
Level X9

Green coverage rate of
built‑up areas %

Environmental
Sanitation Level X10

Road cleaning and
maintenance area

10,000 square
meters

Socio‑Economic
Development Level

Overall Regional
Economic Level X11 Per capita GDP CNY

Resident Economic
Conditions X12

Per capita disposable
income of urban residents CNY

Urban Development
Level X13 Urbanization rate %

Tourism
Informatization

Level

Media Promotion
Level X14 Baidu News Index –

Regional
Informatization

Construction Level
X15

Broadband access users and
mobile internet users 10,000 households

3.3.1. Influencing Factors of Tourist Source
Initially, a Pearson correlation test was performed using SPSS 24.0 software to analyze

the relationship between the NPNA of each province (region and municipality) and the
explanatory variables (Table 5). The results indicated a strong correlation between the var‑
ious influencing factors and NPNA, as evidenced by the correlation coefficients of 0.613,
0.673, 0.478, 0.398, and 0.540, all exceeding 0.35. Furthermore, these coefficients passed
the significance test at a 5% level. Subsequently, a panel data set was constructed. To pre‑
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vent the occurrence of “pseudo‑regression”, the explanatory variableswere logarithmically
transformed, and the stationarity of each variable was assessed to ensure the stationarity
required for regression analysis. The Augmented Dickey–Fuller (ADF) method was em‑
ployed to assess the stationarity of the data (Table 6). The results demonstrated that all
variables rejected the null hypothesis at a 1% significance level, indicating the stationarity
of the panel data and establishing the foundation for conducting regression analysis based
on sequence stationarity. Additionally, a test was conducted to assess the presence of mul‑
ticollinearity in themodel (Table 7). The results indicated that all variables in themodel had
Variance Inflation Factor (VIF) values below 5, suggesting the absence of collinearity issues
among the variables and satisfying the requirements for multiple regression analysis.

Table 5. Results of correlation analysis of source region influencing factors onNational ParkNetwork
Attention in 31 provinces (regions and municipalities) of China.

Factors EC PS IN ED TE

NPNA 0.613 ** 0.673 ** 0.478 ** 0.398 * 0.540 **
Note: * and ** denote significant correlations at the 5% and 1% levels, respectively.

Table 6. Results of ADF stationarity tests of source region influencing factors on National Park Net‑
work Attention in 31 provinces (regions and municipalities) of China.

Variable Test Statistic p‑Value Conclusions

lnNPNA −4.206 0.001 Stationary
lnEC −5.693 0.000 Stationary
lnPS −4.793 0.000 Stationary
lnIN −5.316 0.000 Stationary
lnED −3.589 0.006 Stationary
lnTE −3.835 0.003 Stationary

Table 7. Results of panel data regressionmodel of source region influencing factors onNational Park
Network Attention in 31 provinces (regions and municipalities) of China.

Indicator
Unstandardized Coefficients Standardized

Coefficients t‑Value p‑Value
Collinearity
Statistics

B Standard Error Beta VIF

Constant 0.001 4.371 – 0.000 1.000 –
lnEC 0.150 0.271 0.099 0.553 0.585 3.625
lnPS 0.468 0.078 0.707 6.028 0.000 ** 1.543
lnIN 0.596 0.573 0.112 1.041 0.308 1.310
lnED 0.363 0.389 0.190 0.933 0.360 4.639
lnTS 0.312 0.432 0.143 0.721 0.478 4.424
R2 0.777

Adj.R2 0.733
F‑value F = 17.441, p = 0.000

D‑W value 2.014
Note: ** denote significant correlations at the 1% levels.

TheNPNAEquationModel yielded a coefficient of determination (R2) of 0.777 and an
adjusted R2 of 0.733, as shown in Table 7. This implies that the independent variables ac‑
count for 77.7% of the variation in the dependent variable. The model successfully passed
the F‑test (F = 17.441, p = 0.000) and exhibited a Durbin–Watson statistic (D–W) of 2.014,
signifying the absence of autocorrelation and indicating no correlation between the sam‑
ple data. These findings indicate a strong fit and interpretability of the model. Among
all variables, only population size exhibited a significant positive impact on NPNA at a
5% confidence level, with an effect coefficient of 0.468. Among other influencing factors
examined, the coefficients were as follows: economic development level (0.150), internet
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development level (0.596), education level (0.363), and tourism consumption expenditure
(0.312). However, none of these coefficients met the 5% significance threshold. Generally,
the concept of national parks serving as spaces for natural resource conservation and pub‑
lic recreation is relatively novel in China, resulting in limited public understanding and
awareness. Furthermore, the national park system’s establishment has been progressively
promoted and implemented in recent years, with corresponding educational and promo‑
tional activities still not widespread. This scenario positions the current population size as
a primary driver behind the increasing attention towards national parks. Additionally, the
nonsignificant variables, despite their lack of significant direct effects onNPNA, should not
be deemed unimportant. Instead, they may indirectly affect NPNA by influencing public
awareness, travel preferences, and information access capabilities. As public comprehen‑
sion of the national park concept deepens, the impact of these factors is likely to become
increasingly evident.

3.3.2. Influencing Factors of Destination
The relationship between NPNA and each influencing factor was analyzed using the

Pearson correlation test since the geographic detector was not applicable. The results in‑
dicated that all correlation coefficients were above 0.4 and passed the 5% confidence test,
confirming the validity of the selected influencing factors. Then, the factor detection and
interaction detection were performed.

The results of the factor probes (Table 8) show that the influencing factors of NPNA
primarily revolved around six dimensions: Tourism Resources, Service Level, Develop‑
ment Level, Informatization Level, Transportation Convenience, and Environmental Suit‑
ability. Among the five factors, media promotion level (0.926), travel agencies number
(0.789), regional informatization construction level (0.771), cross‑city transport carrying ca‑
pacity (0.686), and urban public transportation convenience (0.649) exhibited significant
explanatory power. Media publicity level was manifested through online media’s capac‑
ity to enhance the visibility and recognition of the national park through direct reports,
in‑depth interpretations, and photo displays, thereby enabling a greater understanding
of the value and significance of the national park. The regional informatization construc‑
tion level determineswhether internet users can access information, engage in interactions,
and express their views promptly and effectively, leading to a substantial increase in pub‑
lic attention towards national parks. The tourism service capability is a fundamental re‑
quirement for the sustainable development of the destination tourism industry and sig‑
nificantly influences the tourist experience within national parks, particularly concerning
factors such as local star‑rated hotels, homestays, and the number of travel agencies. Prior
to engaging in outdoor eco‑tourism activities, consumers typically focus on the quality
of local accommodations and travel agencies through social media platforms or tourism
websites, thereby establishing a significantly positive relationship between tourism ser‑
vice level and network attention. Regarding transportation convenience, transportation is
a fundamental requirement and a key concern for outdoor eco‑tourism enthusiasts. The
cross‑city transport carrying capacity, such as high‑speed rail, plays a pivotal role in con‑
necting the origin anddestination. Additionally, the environmental sanitation level (0.624),
the tourism resources abundance (0.569), and the tourism reception scale (0.530) contribute
to the explanatory power of NPNA to a certain extent. The levels of social and economic
development, tourism’s economic contribution, and green construction exhibit limited ex‑
planatory power concerning NPNA and are not considered key influencing factors.

As depicted in Figure 9, interaction detection of factors influencing NPNA in China
identifies three interaction types: bivariate enhanced, nonlinear weaken, and univariate
weaken. Most influencing factors demonstrate a bivariate enhanced relationship, signify‑
ing an overarching enhancement effect. Specifically, any two factors’ interaction increases
their q value. The strongest interaction effect emerges from combining tourism resource
abundance (X1)withmedia promotion level (X14), boasting an explanatory power of 0.9735,
markedly higher than other combinations. This underscores the pivotal role of these two



Land 2024, 13, 826 19 of 25

indicators’ combined impact in elevating NPNA. Combining the tourism informatization
level (X15) with factors like overall regional economic level (X11) and urban development
level (X13) yields an interaction explanatory power over 0.9, highlighting informatization’s
significant role in the socio‑economic context. For enhancing NPNA, factors such as the
richness of tourism resources, effective promotion, high service quality, convenient trans‑
portation, and a comprehensive tourism development environment are mutually reinforc‑
ing and essential. Notably, the single‑factor analysis results highlight the strong explana‑
tory power of factors like media promotion level (X14) and informatization construction
level (X15). However, combining these factors with others, such as the green construction
level (X9), resident economic conditions (X12), and urban development level (X13), some‑
times leads to nonlinear weaken interactions. Overall, nuanced strategies are essential
for promoting NPNA. While media promotion and informatization significantly enhance
NPNA, their combination with certain factors may not lead to expected enhancements.
This necessitates a comprehensive understanding of both individual factors and their com‑
plex interrelations when devising strategies to enhance NPNA.

Table 8. Factor detection results of destination factors affecting National Park Network Attention
across 31 provinces (regions and municipalities) in China.

Dimension ID q‑Value Dimension ID q‑Value

Tourism Resources X1 0.569 * Environmental Suitability X9 0.538

Tourism Service Level
X2 0.647 *** X10 0.624 ***
X3 0.565 * Socio‑Economic

Development Level

X11 0.567
X4 0.789 *** X12 0.527

Transportation Convenience X5 0.686 ** X13 0.494
X6 0.649 *** Tourism Informatization

Level

X14 0.926 ***

Tourism Development Level X7 0.435 X15 0.771 ***
X8 0.530 **

Note: *, **, and *** denote significant correlations at the 10%, 5%, and 1% levels, respectively.

Land 2024, 13, 826 20 of 26 
 

green construction level (X9), resident economic conditions (X12), and urban development 
level (X13), sometimes leads to nonlinear weaken interactions. Overall, nuanced strategies 
are essential for promoting NPNA. While media promotion and informatization signifi-
cantly enhance NPNA, their combination with certain factors may not lead to expected 
enhancements. This necessitates a comprehensive understanding of both individual fac-
tors and their complex interrelations when devising strategies to enhance NPNA. 

 
Figure 9. Interaction detection results of destination factors affecting National Park Network Atten-
tion across 31 provinces (regions and municipalities) of China. 

4. Discussion 
4.1. Temporal Characteristics and Spatial Pattern of NPNA 

Focusing on national parks, this paper analyzes the spatiotemporal dynamics of 
NPNA from 2013 to 2022 using the Baidu Index, revealing distinctive spatiotemporal dif-
ferentiation characteristics. In the temporal dimension, NPNA exhibits cyclical fluctua-
tions and seasonal differences, showing multiple peaks around holidays and distinct off-
peak periods, echoing Li Shan et al.’s [10] findings on tourist attraction attention using the 
Baidu Index. Furthermore, this study illustrates how seasonal variations in attention to 
national parks correlate with the Chinese holiday system and cultural traditions [56,57], 
underscoring unique mechanisms that drive tourism demand in China. Spatially, NPNA 
displays marked regional disparities and imbalances, characterized by higher attention in 
the east and south and lower in the west and north. However, these disparities are grad-
ually narrowing, with hotspots shifting towards the central and western regions. This 
finding aligns with Yan Jiyao et al.’s [58] study, which used the Baidu Index to map 
China’s attention to Russian tourism. This paper extends these insights by detailing the 
dynamic evolution of national parks’ attention at the provincial scale and the nuances of 
regional disparities, crucial for understanding spatial variations in park attractiveness and 
developing targeted strategies for national park development. 

Figure 9. Interaction detection results of destination factors affecting National Park Network Atten‑
tion across 31 provinces (regions and municipalities) of China.



Land 2024, 13, 826 20 of 25

4. Discussion
4.1. Temporal Characteristics and Spatial Pattern of NPNA

Focusing on national parks, this paper analyzes the spatiotemporal dynamics ofNPNA
from 2013 to 2022 using the Baidu Index, revealing distinctive spatiotemporal differentia‑
tion characteristics. In the temporal dimension, NPNA exhibits cyclical fluctuations and
seasonal differences, showing multiple peaks around holidays and distinct off‑peak peri‑
ods, echoing Li Shan et al.’s [10] findings on tourist attraction attention using the Baidu
Index. Furthermore, this study illustrates how seasonal variations in attention to national
parks correlate with the Chinese holiday system and cultural traditions [56,57], underscor‑
ing unique mechanisms that drive tourism demand in China. Spatially, NPNA displays
marked regional disparities and imbalances, characterized by higher attention in the east
and south and lower in the west and north. However, these disparities are gradually nar‑
rowing, with hotspots shifting towards the central andwestern regions. This finding aligns
with Yan Jiyao et al.’s [58] study, which used the Baidu Index to map China’s attention to
Russian tourism. This paper extends these insights by detailing the dynamic evolution
of national parks’ attention at the provincial scale and the nuances of regional disparities,
crucial for understanding spatial variations in park attractiveness and developing targeted
strategies for national park development.

This paper conducts a systematic study on the concern for national parks from spatial
and temporal perspectives, constructing a comprehensive analysis framework of “tempo‑
ral characteristics, spatial pattern, and influence mechanism”. This framework aids in un‑
derstanding the formation mechanisms and evolutionary laws governing the concern for
national parks. Additionally, utilizing the Baidu Index, tourism statistics, geographic in‑
formation, and other data sources—aided by spatial and temporal statistics, mathematical
models, and other methods—we depict the dynamic landscape of NPNA. This approach
exemplifies the research paradigm of multidisciplinary integration. Although previous
studies have used search engine data to explore the spatial and temporal characteristics of
tourism attention [7,8], most were confined to regional or urban scales, with a notable lack
of targeted research on Chinese national parks [59]. By introducing and applying new
methodologies like Prophet time series analysis, index analysis, regression models, and
geo‑detectors to the study of China’s national parks, this paper achieves innovation and ex‑
pansion in the research scale, subject, and techniques. Building on the revealed spatial and
temporal evolution of national park concern, this paper delves into the natural, humanistic,
social, and economic factors influencing this concern. It proposes strategies for optimizing
national parks’ spatial layout, enhancing service systems, and innovating marketing and
promotion. This reflects the problem‑oriented andpractical value of national park research.
UnlikeWestern research, which typically focuses on environmental and infrastructural fac‑
tors [60], this paper integrates key factors such as resource endowment, policy atmosphere,
and cultural psychology—aligned with Chinese characteristics—providing a targeted the‑
oretical foundation and practical guidance for the high‑quality development of national
parks in China.

4.2. Implications for Ecotourism and Management of National Parks
Building upon the established background of national parks and the characteristics

of spatiotemporal evolution, this study proposes three strategies to offer valuable insights
for the precise marketing of national parks as tourist destinations and to facilitate their
sustainable development.

First, enhance the tourism attractiveness of national parks. National parks should pri‑
oritize ecological considerations in the development and utilization of tourism resources,
adopting a multi‑pronged approach to enhance their attractiveness. For the developed re‑
sources, enhanced protection and value augmentation are essential, particularly through
aspects of cultural cognition, interpersonal communication, and emotional experience.
Firstly, there should be a reinforced comprehensive assessment of national parks, with
a focus on protecting and developing ecological resources, continually enhancing the sig‑
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nificance and value of these resources, and creating vibrant ecotourism landscapes. Sec‑
ondly, leveraging seasonal characteristics to develop tourism products tailored for various
seasons—like nature sightseeing tours in spring and autumn, ecological tours in summer,
and ice and snow experience tours inwinter—is advisable. Thirdly, in areaswith lower vis‑
itor attention, strengthening infrastructure construction, enhancing service quality, boost‑
ing publicity, and enhancing the attractiveness and popularity of the national parks is cru‑
cial. Finally, developing and implementing scientific visitor management strategies to bal‑
ance tourist numberswith ecological protection needs is essential, particularly during peak
seasons. This includes optimizing visitor reception processes and implementing reserva‑
tion systems to mitigate the ecological and environmental pressures of excessive tourism.
For instance, Sanjiangyuan National Park, a pioneer among China’s national parks, is sit‑
uated in the Qinghai‑Tibetan Plateau’s hinterland, boasting abundant wildlife, significant
ecological value, and extensive tourism resources. However, due to its alpine, anoxic cli‑
mate and limited transport facilities, Sanjiangyuan National Park suffers from low visibil‑
ity and reduced attention. In response, Sanjiangyuan National Park should develop eco‑
tourism products that capitalize on its plateau characteristics—like plateau hiking, visits to
herdsman’s homes, and wildlife viewing—to enrich tourists’ experiences and sense of dis‑
covery, while continuing to prioritize ecosystem protection. Additionally, enhancing the
park’s infrastructure, such as road traffic and communication networks, is vital to provid‑
ing a more accessible and convenient environment for tourists. Moreover, utilizing new
media channels to augment publicity and boost Sanjiangyuan National Park’s influence
and reputation is recommended.

Second, enhancingNPNA is essential for tourism development. Strengthening public
education about the concept, value, and importance of national parks is crucial for increas‑
ing public attention. Enhancing public understanding of national parks through diverse
channels including media campaigns, educational programs, and social media activities
can boost interest and awareness, thereby increasingNPNA.Relevantmanagement depart‑
ments and organizations should develop a long‑term publicity and educational strategy
to enhance public understanding and concern for national parks by disseminating knowl‑
edge, increasing media visibility, and promoting school and community engagement. Sec‑
ondly, based on the temporal and spatial characteristics of national parks, targeted online
publicity and marketing should be intensified to understand potential tourists’ needs and
preferences, thereby crafting precise marketing strategies. Leveraging the abundant natu‑
ral and cultural resources of national parks, distinctive tourism products should be devel‑
oped to enhance the tourism experience and attract more attention and visits. Finally, na‑
tional parks should enhance their online promotion andmarketing, create tourism portals,
establish information hubs, build new media platforms, and utilize social media to culti‑
vate fan groups. Further analysis of potential tourists should be conducted, with targeted
online content provided, utilizing new media technologies like short videos, metaverses,
digital twins, mixed reality, and holographic projection to diversify tourism promotion
forms and amplify their impact.

Third, optimizing the spatial layout of national parks is essential. National parks
should incorporate ecological protection, scientific research, monitoring, and recreation
experiences into their overall planning. This involves logically segregating core protec‑
tion zones, ecological restoration areas, traditional use areas, establishing necessary buffer
zones, and directing recreational activities to appropriate areas, all while ensuring eco‑
logical safety. Additionally, strengthening coordination and integration with neighboring
regions to enhance regional transportation, information, and services, thereby improving
both the accessibility of national parks and tourists’ perceptions of accessibility, is crucial.
For instance, consider Shennongjia National Park in western Hubei, one of China’s richest
biodiversity hotspots. However, this study reveals that NPNA in Hubei Province is rela‑
tively low, indicating a need for improved spatial agglomeration. Thismay be attributed to
the poor accessibility of the mountainous Shennongjia area and also highlights shortcom‑
ings in the park’s spatial layout and functional zoning. Therefore, Shennongjia National
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Park should refine its spatial layout, enhance coordination with surrounding areas, and
improve both accessibility and the visitor experience.

4.3. Research Constraints and Prospective Studies
This study has certain limitations that necessitate further improvement in future re‑

search. Firstly, although the Baidu Index provides a comprehensive measure of online
attention, it may still exhibit biases. In future studies, considering a combination of data
from search engines, OTA platforms, social media, and other sources could yield a more
objective and multidimensional perspective. Secondly, due to data limitations, this study
primarily explores the spatial and temporal patterns of NPNA, necessitating a strength‑
ened analysis of the underlying mechanisms. Future research could analyze the impacts
of various factors and their transmission paths by constructing spatial econometric mod‑
els. Additionally, expanding the research scope to include county and scenic area levels,
and deepening the interpretation through case studies of typical national parks, would en‑
hance understanding. With advancements in digitalization and intelligence, research on
NPNA is poised to enable multidimensional and dynamic monitoring and simulation pre‑
dictions. Future research should fully leverage big data and AI, including coupling search
engine data with GIS to develop spatial and temporal prediction models for NPNA; inte‑
grating multi‑platform data and employing AI methods like NLP and sentiment analysis
to dynamically depict online reputations and emotional trends of national parks; and uti‑
lizing immersive technologies such as augmented reality and virtual simulations to revolu‑
tionize the educational and promotional approaches in national parks. Combining NPNA
research with traditional methods such as questionnaires and interviews could provide a
more comprehensive and reliable foundation for decision‑making in national parks. More‑
over, theoretical exploration should be enhanced by integrating theories of tourism de‑
mand, consumer behavior, and destination choice, to develop a comprehensive theoretical
framework influencing the formation and evolution of NPNA. Furthermore, the practical
application should be intensified by proposing optimization strategies for the planning,
construction, marketing, and management of national parks, thereby facilitating innova‑
tion in their institutional and operational mechanisms. The study of NPNA holds promise
and requires deeper engagement in both theoretical innovation and practical application.

5. Conclusions
This study examines the spatial and temporal characteristics of NPNA and its influenc‑

ing factors from 2013 to 2022, using Baidu Index data. The main conclusions are as follows:
(1) NPNA displays a generally increasing annual trend, with notable cyclical fluctua‑

tions peaking around holidays and during spring and autumn, reflecting clear sea‑
sonality and precursor effects. It also exhibits volatility due to external events.

(2) The spatial distribution of NPNA is characterized by an unbalanced “high in the east
and low in the west” and “high in the south and low in the north” pattern. How‑
ever, these regional disparities are diminishing, with attention hotspots increasingly
spreading to the central and western regions.

(3) The size of the population in the source area is a predominant factor, while the con‑
cept of national parks remains underrecognized. Key influencing factors include the
destination’s tourism resource endowment, media promotion level, traffic conditions,
and information technology level. A synergistic integration of abundant tourism re‑
sources and effective media promotion is crucial for enhancing NPNA.

(4) In the mobile internet era, NPNA has emerged as a new indicator of tourism appeal.
Accurately understanding the dynamics of attention, optimizing the spatial layout
of national parks, enhancing the tourism service system, and intensifying brand pro‑
motion and marketing are essential for improving national park governance and ad‑
vancing ecological civilization.
Based on the network attention perspective, this paper elucidates the spatial and tem‑

poral variations in the attractiveness of Chinese National Parks, enriching tourism geog‑
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raphy research and the demand‑side analysis of national parks, while providing insights
into their planning, construction, marketing, and governance.
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