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Tourism ecosystem health is key to high-quality tourism development. China is

now promoting sustainable development and high-quality transformation and

upgrading of regional tourism; thus, the research on tourism ecosystem health

is of practical significance. Based on the DPSIR model, an evaluation index system

of tourism ecosystem health in China was constructed. Then the entropy weight

method, spatial autocorrelation analysis, Markov chain analysis, and quantile

regression were used to explore the dynamic evolution characteristics and driving

factors of tourism ecosystem health in China from 2011 to 2020. The following

conclusions were drawn: (1) The tourism ecosystem health in China showed an

M-shaped fluctuation process as a whole, with significant spatial correlation and

spatial di�erence. (2) There was a “path-dependent” and “self-locking” e�ect on

the type transfer of tourism ecosystem health, and the type transfer was mainly

between adjacent types in successive transfers, with the probability of downward

transfer higher than upward transfer, and the geospatial background played a

significant role in its dynamic evolution process. (3) In provinces with low tourism

ecosystem health type, the negative e�ect of technological innovation capacity

wasmore significant, and the influence coe�cient of the positive e�ect of tourism

environmental regulation and information technology level was larger, while in

provinces with high tourism ecosystem health type, the negative e�ect of tourism

industry agglomeration was more significant, and the influence coe�cient of the

positive e�ect of tourism industry structure and tourism land-use scale was larger.
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1. Introduction

The tourism business, like other industries, has a paradoxical connection with the

ecological environment due to the dual industrial qualities of environmental dependence

and resource consumption (1–3). With the rapid growth of tourism and the advent of “mass

tourism”, health issues affecting the industry’s ecosystem have gradually surfaced (4, 5).

Phenomena like excessive resource consumption, ecosystem degradation, biodiversity loss,

and rising environmental pollution limited the resilience of sustainable tourism development

(6–8). It has become a paramount practical concern to find a solution to integrate the

interaction between ecological protection and tourism development and sustain the health

of the tourism ecosystem. Exploring sustainable tourism development models has emerged

as the most crucial challenge in China’s tourism development as one of the nations with the

fastest global tourist growth rates (9, 10). The report of the 20th CPC National Congress

and the 14th Five-Year Plan for Tourism Development both place “promoting harmonious

coexistence between man and nature” at the top of the overall agenda under the new

Frontiers in PublicHealth 01 frontiersin.org

https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org/journals/public-health#editorial-board
https://www.frontiersin.org/journals/public-health#editorial-board
https://www.frontiersin.org/journals/public-health#editorial-board
https://www.frontiersin.org/journals/public-health#editorial-board
https://doi.org/10.3389/fpubh.2023.1127980
http://crossmark.crossref.org/dialog/?doi=10.3389/fpubh.2023.1127980&domain=pdf&date_stamp=2023-02-20
mailto:wfuctlf2022@163.com
https://doi.org/10.3389/fpubh.2023.1127980
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/articles/10.3389/fpubh.2023.1127980/full
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org


Lu et al. 10.3389/fpubh.2023.1127980

development concept of “innovation, coordination, green,

openness, and sharing”, and tourism ecosystem health has also

grown to be a significant research area of high-quality tourism

development. The research on tourism ecosystem health, with a

particular focus on spatial and temporal dynamic evolution as well

as driving factors, is thus crucial to the improvement of sustainable

development and the high-quality transformation and upgrading

of regional tourism in China.

Rapport, a Canadian scholar, introduced the concept of

ecosystem health—which connects human health, human activity,

and ecosystem change—into the field of ecosystems in 1979 (11).

Since tourism ecosystems are stable, dynamic, and sustainable,

the term “tourism ecosystem health” refers to the capacity of a

system to maintain its own structural and functional integrity

in the face of disturbances, such as those caused by human

tourism activities (12, 13). It is widely acknowledged that a healthy

tourism ecosystem is one in which the ecosystems themselves

function in an orderly manner, satisfy the material and ecological

needs of visitors and locals (14–16), and are capable of self-

regulation and stress resistance (17, 18). The study of tourism

ecosystem health, which concentrated on coordinating man-land

connections, proliferated and flourished vigorously in the 1990s

with the explosion of tourism sustainable development research

and the International Society for Ecosystem Health (19–24).

Previous studies have investigated tourism ecosystem health from

the perspectives of disciplines such as geography, management,

tourism, environment, and ecology (13, 25), including conceptual

connotations, measurement and evaluation, spatial and temporal

evolution characteristics, coordination status, trend prediction,

influencing factors, and optimization paths (13, 25–29). Regarding

research scales, tourism ecosystem health has been calculated

at regional, urban, scenic, lakes, nature reserves, wetlands, and

islands scales (25, 28–34). For the index system and measurement

methods, the academic circles have started from the definition

and characteristics of tourism ecosystem health, constructed a

tourism ecosystem health evaluation index system based on

the pressure-state-response (PSR) framework model, the drive-

pressure-state-impact-response (DPSIR) framework model, and

the vigor-organization structure-restoring force-service function-

community crowd health-education level (VORSH) framework

model (25, 28, 29, 31, 33), and then used the least squares method,

the entropy weight method the fuzzy mathematical method and

the analytic hierarchy method (AHP) to quantitatively measure

tourism ecosystem health (26, 28, 31, 33). In recent years, constant

attention has been given to analyzing factors influencing tourism

ecosystem health. Most studies have used the gray correlation

fuzzy assessment model, the obstacle degree model, the geographic

detector model, etcetera (13, 29, 30).

To sum up, the existing studies have comprehensively

examined tourism ecosystem health. They have produced a variety

of findings that may be utilized as references in this paper.

However, there are still several issues that need to be explored.

First, there was broad agreement that the PSR model, the DPSIR

model, or the VORSH model could be used to construct a

tourism ecosystem health evaluation index system, but the coverage

of specific indicators needed to be expanded and strengthened.

Second, most previous studies used the traditional panel data

model, which conforms to the normal distribution conditional

mean, to identify the factors influencing tourism ecosystem health.

Consequently, the possibility of different influencing factors in

different regions of the tourism ecosystem health level was ignored.

In addition, given the higher strategic value of sustainable tourism

development and high-quality transformation and upgrading, little

attention has been given to the spatial correlation and dynamic

transfer of tourism ecosystem health at the national scale in the

results of the available study, which are mostly focused on the

dimensions of specific areas and economic zones. This paper

attempts to deepen the previous research further based on these

three deficiencies. Therefore, we selected 30 provinces (excluding

Tibet, Hong Kong, Macao, and Taiwan) in China as the research

subjects, then constructed a tourism ecosystem health evaluation

index system based on the DPSIR model and used the entropy

method to assess that health from 2011 to 2020. Meanwhile,

the dynamic evolution characteristics of the tourism ecosystem

health were explored through the entropy weight method, spatial

autocorrelation analysis, and Markov chain analysis. Moreover, the

panel quantile regression model was used to identify the driving

forces behind the shifting trends in tourism ecosystem health under

various quantile conditions. The research findings of this paper are

intended to comprehensively understand the dynamic evolution

characteristics and driving factors of tourism ecosystem health

in China and provide a theoretical basis and decision-making

reference for provinces with different levels of tourism ecosystem

health so that it can promote the coordinated development of

tourism and the eco-environment.

2. Materials and methods

2.1. Entropy weight method

The subjective assignment approach introduces the

impact of human factors. However, the entropy weighting

method uses the original information of the indicators

as the foundation for assigning weights, which can

adequately reflect the significance of each indicator in

the comprehensive index. The entropy weight method

calculated the evaluation index weight of tourism

ecosystem health. The following are the specific steps for

implementation (35):

The first step is to standardize the evaluation indexes.

Positive index : x
′

ij =
xij −min xij

max xij −min xij
(1)

Negative index : x
′

ij =
max xij − xij

max xij −min xij
(2)

In Formulas (1) and (2), xijrepresents the original index j in the

region i; x
′

ijrepresents the index after standardization processing;

maxxij andminxijrepresent themaximum and theminimum values

of index j, respectively.

The second step is to calculate the weight. In Formulas (3) and

(4), wijis the proportion of index j under the region i; ej is the

entropy value of index j, and φj is the index weight. The specific
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TABLE 1 Tourism ecosystem health level standard.

Health state Unhealthy level Sub-healthy level Generally healthy
level

Very healthy level

Health type I II III IV

Health value (0,0.30] (0.30,0.40] (0.40,0.55] (0.55,1]

Formula is as follows:

wij =
x
′

ij

m
∑

i=1
x
′

ij

, ej = −
1

lnm

m
∑

i=1

wij × lnwij (3)

ϕj =
(1− ej)

m
∑

j=1
(1− ej)

(4)

The third step is a comprehensive evaluation index of tourism

ecosystem health (TEHi).

TEHi =

m
∑

j=1

ϕj × wij (5)

Integrating the results of the actual measurement of tourism

ecosystem health in China and the synthesis of existing studies

(28, 33), the tourism ecosystem health of 30 provinces in China

was divided into four types: non-healthy level, sub-healthy level,

generally healthy level, and very healthy level (Table 1).

2.2. Global spatial autocorrelation analysis

Global spatial autocorrelation analysis, frequently measured

by the global Moran’s I index, is used to evaluate the overall

spatial dependency between different geographical areas (36). In

this paper, the global Moran’s I index can reflect the spatial

autocorrelation of tourism ecosystem health in China as a whole.

The Formula for calculating the global Moran’s I index is:

Global Moran′s I =

n
n
∑

i=1

n
∑

j=1
Wij(xi − x̄)(xj − x̄)

n
∑

i=1

n
∑

j=1
Wij

n
∑

i=1
(xi − x̄)2

(6)

In Formula (8), n represents the total number of provincial

samples, which is 30 here; xiand xjrepresent the tourism ecosystem

healthmeasures of provinces i and j, respectively; x is the arithmetic

means of the tourism ecosystem health of all provinces; Wij is the

adjacency weightmatrix, which indicates the adjacency relationship

between two provinces, and Wij= 1 when provinces i and j are

adjacent, otherwise it is 0. The value of global Moran’s I index is

[−1, 1]. The more the value of this index tends to 1, the stronger

the correlation in the tourism ecosystem health space. The value

of this index tends to 0, which indicates spatial decorrelation and

random distribution in space.

2.3. Markov chain analysis method

The Markov chain, a transition matrix and the simplest

stochastic model has been extensively used for state change studies

at various spatial scales (37). In this paper, the Markov chain

analysis method was used to calculate the initial and transfer

probability of different states of tourism ecosystem health, and the

trend over time was determined. Assuming that Mt = [ M1,t , M2,t ,

M3,t ,. . . Mk,t] is a vector of 1 × k state probability distributions

in year t, the transfer between various types of tourism ecosystem

health in different years can be represented by aMarkovian transfer

probability matrix of order z× z:

P=









p11 . . . p1k
...

. . .
...

pk1 · · · pkk









(7)

In Formula (9), pij represents the probability of a random

process transitioning from state type i in year t to state type j in year

t + 1, and it can be calculated as αij/αi; αij represents the number of

provinces of type i in year t transferred to type j in year t + 1 and αi

represents the number of provinces of type i in all years.

To examine the relationship between the probability of transfer

of tourism ecosystem health types and neighboring provinces, the

spatial Markov chain analysis incorporated the spatial lag factors

into the analytical framework based on the traditional Markov

chain analysis (38). The traditional z-order transition probability

matrix (z × z) is broken and decomposed into n conditional

transition probability matrices (z × z × z) by the spatial Markov

chain transition probability matrix. In the z-th condition matrix,

Pzij designates the probability that a province a that was in type i in

year t transfers into type j in year t+ 1, conditional on a spatial lag

type of z. The spatial lag value for province a is a weighted average

of the tourism ecosystem health of the province’s spatial neighbors.

The calculation Formula is:

Laga =
∑

YbWab (8)

In Formula (10), Wab is the adjacency weight matrix, which

indicates the adjacency relationship between two provinces, and

Wab = 1 when provinces a and b are adjacent; otherwise, it is 0.

Yb represents the tourism ecosystem health in province b; Laga
represents the spatial lag value of province a, indicating the state

of the neighborhood of province a. By comparing the traditional

Markov chain matrix and the spatial Markov chain matrix, it is

possible to determine the importance of the surrounding area on

the probability of a particular spatial province’s type transition.
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2.4. Panel quantile regression model

Koenker and Basett proposed the quantile regression model to

overcome the shortcomings of the traditional regression method,

which can only obtain the average influence of the explanatory

variables on the dependent variable (39). The difference in

significance levels and regression coefficients at various quantiles

in the quantile regression model can reflect the heterogeneity of the

influence of the explanatory variables on the explained variables.

Tourism ecosystem health varies from province to province, and

explanatory variables affect those with high tourism ecosystem

health differently than those with low tourism ecosystem health.

Therefore, the quantile regression model can comprehensively,

systematically, and dynamically reveal the effect of driving factors

on tourism ecosystem health. For the panel data, the quantile

regression model is set as follows (40):

Yit = xTitβi + αi + µit ,

(i = 1, 2, · · ·K; t = i = 1, 2, · · ·T) (9)

Qyit (τ |xit ,αi) = xTitβ(τq)+ αi (10)

In Formula (11) and (12), xit represents the independent

variable of province i in the 1×k dimension of year t; βi and

αiare the parameters to be estimated, and µ is a random error;

Qyit represents the tourism ecosystem health at the quantile under

the given explanatory variable conditions; τ represents the quantile

points. The following Formula generally calculates the parameter β :

β = argminα,β

Q
∑

q=1

T
∑

t=1

N
∑

i=1

Wkρτ [yit − xTitβ(τq)− αi] (11)

In Formula (13), ρτ represents the quantile loss function; Wk

represents the weight coefficient of the k quantile; β(τq) represents

the influence coefficient of the k quantile.

Based on the current state of China’s tourism industry and

data availability, six indicators were selected to quantify the

factors driving the change process in the spatial and temporal

patterns of tourism ecosystem health under multiple factors. These

indicators include tourism industry structure, tourism industry

agglomeration, tourism environmental regulation, information

technology level, technological innovation capacity, and tourism

land-use scale (Table 2).

2.5. Evaluation index system and data
source

The PSR model served as the foundation for the DPSIR

model, which was first proposed and utilized by the European

Environment Agency (EEA) to provide a more thorough

understanding of the interactions and feedback mechanisms

between human activities and the biological environment (41). The

DPSIR model for tourism ecosystem operations is as follows: for

an extensive period, economic and social development and tourism

demand act as driving forces (D) on the ecosystem, resulting

TABLE 2 Variables and explanations of tourism ecosystem health

influencing indicators.

Driving factors Abbreviation Definition

Tourism industry

structure

TIS Tourism industry structure

rationalization index

Tourism industry

agglomeration

TIA Location quotient

Tourism environmental

regulation

TER Cost of pollution

control/tourism revenue

Information technology

level

INFO Internet broadband access

users

Technological innovation

capacity

TIC R&D expenditure

Tourism land-use scale TLS Tourism revenue/provincial

area

in several pressures (P) on the environment and changing the

health state (S) of the tourism ecosystem, which in turn has a

variety of impacts (I) on individuals, nature, and society, forcing

human society to respond to ecological changes (R). Combining the

characteristics of tourism ecosystems and the concept of tourism

ecosystem health, this paper constructs a set of indicators for

assessing the tourism ecosystem health in China (13, 42), as shown

in Table 3.

The data in this paper were mainly derived from the “China

Statistical Yearbook”, “China Tourism Statistical Yearbook”,

“China Culture and Tourism Yearbook”, the yearbooks of each

province, and the Statistical Bulletin of National Economic and

Social Development of each province. Some missing data was

supplemented using the linear interpolation method. Following

data collection, panel data for 30 Chinese provinces from 2011 to

2020 were obtained.

3. Results

3.1. Spatial and temporal characteristics of
tourism ecosystem health

3.1.1. Time-series evolutionary characteristics
According to Formula (1)–(7), the tourism ecosystem health

of 30 provinces in China from 2011 to 2020 was evaluated based

on the constructed evaluation index system of tourism ecosystem

health, and the trend of change was plotted (Figure 1). During the

study period, the tourism ecosystem health in China showed an M-

shaped fluctuation process of “increasing-decreasing-increasing-

decreasing”, with a three-stage evolution. In the first stage

(2011–2012), tourism ecosystem health rose from 0.164 in 2011

to 0.361 in 2012, an increase of 120.12%. China introduced

the 12th Five-Year Plan in 2011, and the government has

emphasized structural adjustment, energy conservation, emission

reduction, and coordinated regional development. Moreover, the

Opinions on Accelerating Tourism Development and the National

EcotourismDevelopment Outline (2008–2015) have clearly defined

initiatives to develop low-carbon tourism and green tourism,

reinforcing the correlation between ecological protection and
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TABLE 3 Tourism ecosystem health evaluation index system.

Dimension Sub-dimension Index (unit) Positive/negative

Driving force (D) Economic development Per capita GDP (yuan) Positive

Disposable income per resident (yuan) Positive

Social life Natural population growth rate (%) Negative

Urbanization rate (%) Negative

Tourism demand Growth rate of tourists (%) Negative

Pressure (P) Ecological environment SO2 emission per unit area (t/hm2) Negative

Sewage discharge density (m3/hm2) Negative

Social life Per capita daily water consumption (m3/person) Negative

Population density (person/hm2) Negative

Tourism reception Tourist traffic pressure (person times/km2) Negative

Visitor density (person times/hm2) Negative

State (S) Ecological environment Proportion of good air quality days (%) Positive

Percentage of forest cover (%) Positive

Per capita arable land (hectare/person) Positive

Tourism resources Tourism resources density (units/million km2) Negative

Tourism resource taste (%) Positive

Tourism facilities Density of star-rated hotels (units/million km2) Negative

Travel agency density (units/million km2) Negative

Tourism economy Domestic tourism revenue (billion yuan) Positive

Tourism foreign exchange earnings (USD billion) Positive

Impact (I) Ecological environment Decline rate of ecological land (%) Negative

Sudden environmental incidents Rate of increase in sudden environmental incidents (%) Negative

Economic structure Proportion of total tourism revenue in GDP (%) Positive

Proportion of tertiary industry in GDP (%) Positive

Response (R) Government regulation and control Proportion of environmental investment in GDP (%) Positive

Number of college students per 100000 population (%) Positive

Environmental governance Urban domestic sewage treatment rate (%) Positive

Harmless domestic waste treatment rate (%) Positive

tourism development. Policy guidelines have promoted the green

transformation and enhancement of China’s tourism industry,

resulting in a more substantial improvement in tourism ecosystem

health. In the second stage (2012–2015), tourism ecosystem health

declined slowly from 0.361 in 2012 to 0.328 in 2015, a decrease

of 3.3%. The adverse effects of the crude growth of the tourism

economy at this stage have gradually emerged. The intensification

of resource and environmental constraints has diminished tourism

ecosystem health. Tourism ecosystem health in the third stage

(2015–2020) showed an inverted N-shaped trend. At the beginning

of this stage, China’s economy entered a period of new normal,

with the deepening of the concept of ecological civilization and

increased government efforts to combat environmental pollution,

resulting in a rise in tourism ecosystem health. However, with the

impact of the new crown epidemic (Covid-19) on both the supply

and demand sides, tourism ecosystem health has gradually shifted

toward a downward phase.

The kernel density of the Gauss kernel function, depicted by

Matlab R2011b software in Figure 2, was estimated to define the

time-varying process of the absolute differences in the tourism

ecosystem health across provinces. Then, utilizing the distribution

location, distribution trend, and distribution extensibility, the

kernel density was estimated using the Gauss kernel function to

illustrate the dynamic evolution of the tourism ecosystem health

in China. The nuclear density distribution curve shifted first to

the right, then to the left, then to the right, and finally to the

left from 2011 to 2020. This indicates that the tourism ecosystem

health in China has undergone the process of “increasing-

decreasing-increasing-decreasing”, which is in line with the trend

analyzed above. The overall kernel density exhibited a right-trailing

phenomenon concerning the extension of the distribution over

time, indicating that the gap between China’s tourism ecosystem

health and the average has widened and that the types of provinces

with high tourism ecosystem health levels were increasing faster
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FIGURE 1

The trend of tourism ecosystem health in China from 2011 to 2020.

FIGURE 2

The Kernel density estimation of tourism ecosystem health in China.

while the types of provinces with low tourism ecosystem health

levels were decreasing. From a morphological point of view, the

overall kernel density curve did not show a decreasing peak or

increasing width. However, the sample period was characterized by

multiple peaks, implying a particular gradient of differences in the

tourism ecosystem health in China.

3.1.2. Spatial di�erentiation characteristics
According to Formula (8), combined with the measured value

of tourism ecosystem health, using the Rook spatial weight matrix

(Hainan and Guangdong were set as neighbors to avoid the “island

phenomenon”), the spatial autocorrelation of tourism ecosystem

health in China is tested and analyzed, and the global Moran’s I

index test results were calculated using Stata 16.0 software (Table 4).

It can be seen from Table 4 that the global Moran’s I index of

tourism ecosystem health in China from 2011 to 2020 was all

positive and passed the statistical test, reflecting a solid spatial

correlation. China’s spatial distribution of tourism ecosystem health

was not isolated and random. However, it showed apparent spatial

dependence and agglomeration, such as convergence between

provinces with high tourism ecosystem health level types, forming

a “high-high” agglomeration pattern, and the convergence between

provinces with low tourism ecosystem health level types, forming

a “low-low” agglomeration pattern. From 2012 to 2020, Moran’s

I index of tourism ecosystem health continued to decline in

fluctuation, showing a trend of weakening spatial dependence,

which, to a certain extent, indicated that China’s tourism ecosystem

health was gradually showing a coordinated and linked trend of

regional integration.

With the help of ArcGIS 10.2 software, the spatial distribution

map of tourism ecosystem health in 2011, 2014, 2017, and

2020 was drawn, and the tourism ecosystem health was divided

into four types, which were non-healthy level, sub-healthy level,

generally healthy level and very healthy level from low to high

(Figure 3). During the inspection period, the provinces with higher

tourism ecosystem health levels were mainly concentrated in

Beijing, Shanghai, Guangdong, Jiangsu, and Zhejiang, accounting

for a small portion of the total. This showed significant regional

differences in the tourism ecosystem health in China, which were

out of balance. Specifically, 28 provinces with non-healthy tourism

ecosystem health levels in 2011, except for Beijing and Guangdong.

Compared with 2011, Jiangsu and Zhejiang joined the provinces

with generally healthy tourism ecosystem health levels, while

Liaoning, Shandong, Fujian, and other provinces withdrew from

the non-healthy level. In 2017, the provinces of the very healthy

level type remained unchanged. Tianjin and Fujian went up from

the sub-healthy level to the generally healthy level. In contrast, the

provinces of the sub-healthy level type further expanded, most of

which were concentrated in the central and western regions. In

2020, the spatial pattern of tourism ecosystem health in China was

similar to that in 2017, with onlyminor changes found in the type of

some provinces. From the spatial distribution pattern, it can be seen

that the tourism ecosystem health showed the distribution law of

decreasing gradually from the eastern coastal regions to the central,

western, and northeastern regions. The provinces with higher

tourism ecosystem health levels, driven by both their location

and policy advantages, have achieved high-quality growth in the

tourism economy under the intensive mode while simultaneously

optimizing the structure of the tourism industry and environmental

management through advanced technological advantages. The

provinces with lower tourism ecosystem health levels were mainly

severely constrained by their tourism resource endowment and

location conditions, which, together with their strong dependence

on tourism resources, has led to bottlenecks in the development of

the tourism economy.

3.1.3. Dynamic evolutionary characteristics
This section used the Markov chain method to investigate

the state transition of provinces in the distribution of tourism

ecosystem health. It attempted to explore the long-term dynamic

change trend of the differences in tourism ecosystem health

between the various provinces in China. According to the type

classification, the tourism ecosystem health of provinces can be

discretized into four state-level types. Namely, non-healthy level (0,

0.30], sub-healthy level (0.30, 0.40], generally healthy level (0.30,

0.40] and very healthy level (0.55, 1], the completeness intervals of

these four state types can be represented by k = I, II, III, and IV,
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TABLE 4 Global Moran’s I index from 2011 to 2020.

Year 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020

Moran’s I 0.298 0.305 0.254 0.230 0.240 0.224 0.190 0.176 0.192 0.133

Z-scores 2.819 2.879 2.472 2.262 2.337 2.219 1.927 1.808 1.957 1.439

P-value 0.002 0.002 0.007 0.012 0.010 0.013 0.027 0.035 0.025 0.075

FIGURE 3

Spatial distribution patterns of tourism ecosystem health.

respectively. The definition of an upward transfer is from a low level

to a high level, and the definition of a downward transfer is from a

high level to a low level.

To further understand the dynamic evolution trend of tourism

ecosystem health in China, the Markov transfer matrix of tourism

ecosystem health in China was obtained using Matlab R2011b

software (Table 5). The value on the diagonal line represents the

possibility that the province will always remain at a particular state-

level type. In contrast, the value on the off-diagonal line represents

the probability that the various provinces will transition from

one state-level type to another. Therefore, without considering

the spatial effect, the dynamic evolution of tourism ecosystem

health is characterized as follows: (1) The probability value on

the diagonal line in the Markov transition matrix was significantly

larger than those on the non-diagonal, with a minimum value

of 72.41% and a maximum value of 100.00%. Under the above

conditions, tourism ecosystem health attained at least 72.41%

probability in the future development process and remained at

the same state-level type. The probability of maintaining stability

at each state-level type was greater than the probability of the

upward transfer and the downward transfer, which reflected that

the club convergence of tourism ecosystem health types was highly
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TABLE 5 Markov transfer probability matrix for tourism ecosystem health types in China from 2011 to 2020.

t/t+1 n I II III IV

I 116 0.7241 0.2241 0.0431 0.0086

II 101 0.1188 0.8020 0.0594 0.0198

III 29 0.0000 0.2759 0.7241 0.0000

IV 24 0.0000 0.0000 0.0000 1.0000

TABLE 6 Spatial Markov probability matrix for tourism ecosystem health types in China from 2011 to 2020.

Geospatial background t/t+1 n I II III IV

I I 66 0.7273 0.1818 0.0758 0.0152

II 22 0.0000 0.9091 0.0000 0.0909

III 1 0.0000 1.0000 0.0000 0.0000

IV 1 0.0000 0.0000 0.0000 1.0000

II I 40 0.7250 0.2750 0.0000 0.0000

II 57 0.1579 0.7895 0.0526 0.0000

III 4 0.0000 0.5000 0.5000 0.0000

IV 15 0.0000 0.0000 0.0000 1.0000

III I 8 0.8750 0.1250 0.0000 0.0000

II 16 0.0625 0.7500 0.1875 0.0000

III 24 0.0000 0.2083 0.7917 0.0000

IV 8 0.0000 0.0000 0.0000 1.0000

IV I 2 0.0000 1.0000 0.0000 0.0000

II 6 0.3333 0.6667 0.0000 0.0000

III 0 0.0000 0.0000 0.0000 0.0000

IV 0 0.0000 0.0000 0.0000 0.0000

stable, and its type transfer had a “path-dependent” and “self-

locking” effect. (2) In terms of the probability value on both

sides of the diagonal line, the probability of the non-healthy level

type transitioning upward was 27.58%. It can be seen that the

provinces with non-healthy level types were more likely to transfer

upward, indicating that the tourism ecosystem health in the non-

healthy level provinces was unstable and prone to state leapfrogging

compared to other states. The probability of the sub-healthy level

type transitioning downward was 11.88%, and the probability of

the type transitioning upward was 7.92%. The probability of the

downward shift of tourism ecosystem health at the sub-healthy level

was more significant than the probability of the upward shift, which

reflected that tourism ecosystem health still had a negative trend.

The probability of the generally healthy level type transitioning

downward was 27.59%, with the risk of a precipitous fall. (3) The

probability values on both sides of the non-diagonal line were

significantly smaller than those on both sides of the diagonal

line, with a maximum value of only 0.86%, indicating that the

improvement of tourism ecosystem health was a gradual process

and that it was difficult to achieve leapfrogging in the short term.

The issue of spatial correlation is disregarded in the traditional

Markov chain approach because it presumes that regions are

independent of each other. This paper incorporated spatial lag

into the traditional Markov chain analysis to investigate the

neighborhood’s influence and the probability that it will change

among convergent groups. The results of the spatial Markov chain

transition probability matrix of tourism ecosystem health in China

from 2011 to 2020 are presented in Table 6.

The issue of spatial correlation is disregarded in the traditional

Markov chain approach because it presumes that regions are

independent of each other. This paper incorporated spatial lag

into the traditional Markov chain analysis to investigate the

neighborhood’s influence and the probability that it will change

among convergent groups. The results of the spatial Markov chain

transition probability matrix of tourism ecosystem health in China

from 2011 to 2020 are presented in Table 6.

Through comparison with Tables 5, 6, the following spatial

dynamic evolution characteristics of tourism ecosystem health

could be obtained after considering the geospatial background:

(1) Geospatial background played a significant role in the

dynamic evolution process of tourism ecosystem health. The

transfer probability of tourism ecosystem health varied against the

neighborhood background, implying different levels of health. It

also differed from that calculated using the traditional Markov

probability transfer matrix. In particular, the probability of

maintaining stability at the non-healthy level type in the traditional
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Markov probability transfer matrix was 72.14%. In comparison,

the probability of maintaining its original state-level type on

different geospatial backgrounds was 72.73, 72.50, 87.50, and

0.00%, respectively, indicating a significant difference between

the probability transfer of tourism ecosystem health with and

without considering the geospatial background. (2) China’s tourism

ecosystem health exhibited a “spatial spillover” effect, with the

tourism ecosystem health levels affecting each other between

neighboring provinces. In general, the probability of the state-

level type of province transferring downward would increase if

it was adjacent to a province with a low tourism ecosystem

health level. In contrast, the probability of the state-level type of

province transferring upward would increase if it was adjacent to

a province with a high tourism ecosystem health level. Specifically,

as the state-level type of neighborhood tourism ecosystem health

rose, the probability of the provinces of the non-healthy level

type transitioning upward was 27.28, 27.50, 12.50, and 100.00%,

showing a fluctuating upward trend; the probability of provinces of

the generally healthy level type transitioning downward was 100.00,

50.00, 20.83, and 0.00%, showing a precipitous downward trend.

This suggests that provinces with higher tourism ecosystem health

levels have a radiation effect on their neighbors, whereas provinces

with lower tourism ecosystem health levels may have an inhibition

effect. Therefore, provinces with a high tourism ecosystem health

level need to exploit their spillover effect actively and, through

their radiation capacity, promote the health type of the surrounding

provinces by leading from point to point.

3.2. Analysis of driving factors

In order to ensure the smoothness of the panel data time series

and reduce heteroscedasticity in this paper, natural logarithms were

taken as all non-percentage variables. At the same time, this paper

employed both the LLC test, the Breitung test (which assumes a

common unit root process), the IPS test, the Fisher-ADF test, and

the Fisher-PP test (which assumes an individual unit root process)

to probe the unit root properties of the study variables so that

it could avoid problems such as multicollinearity and spurious

regressions. According to the estimation results, every variable

strongly rejected the null hypothesis that the panel had a unit

root at a 1% significance level, indicating that the panel data were

smooth and could be suitable for further regression analysis. This

paper selected five representative quantiles for analysis, including

10, 25, 50, 75, and 90%. The Markov chain Monte Carlo (MCMC)

method was adopted to estimate the driving factors of tourism

ecosystem health to avoid possible endogeneity. The estimation

results were presented in Columns (1) to (6) of Table 7. The changes

in the quantile regression coefficients at different quantiles were

displayed graphically in Figure 3. The estimated results were from

stata16.0 software.

As shown in Table 7 and Figure 4, as a whole, tourism

industry agglomeration and technological innovation capacity

imposed negative influences on tourism ecosystem health, and

tourism industry structure, tourism environmental regulation,

information technology level, and tourism land-use scale were all

significant in influencing tourism ecosystem health. However, the

influence coefficients of each variable at different quantiles were

significantly different.

(1) The results of the quantile regression of tourism industry

structure (lnTIS) showed an M-shaped pattern, which was

always positive and significant, indicating that the impact

of tourism industry structure on tourism ecosystem health

varies at different quantiles. The government should therefore

transform the tourism economy and promote the integration

of tourism industries to enhance tourism ecosystem health.

It was important to note that the coefficient of influence

of the tourism industry structure on the high quantile was

relatively large. Therefore, the government should pay more

attention to and strengthen the upgrading of the tourism

industry structure in provinces with high tourism ecosystem

health, thereby reducing duplicate construction and resource-

consuming projects and increasing low-consumption, high-

quality service projects, thereby promoting sustainable tourism

development in these provinces.

(2) At the 10, 50, 75, and 90% quantiles, the absolute value

of the coefficient of tourism industry agglomeration (lnTIA)

had an increasing trend, indicating that tourism industry

agglomeration was the main obstacle factor for provinces

with high tourism ecosystem health in China, that is, the

higher the level of tourism ecosystem health, the greater the

pressure of tourism industry agglomeration on the ecosystem.

Consequently, our results suggested that strengthening the

centralization of resource use and the use of large-scale

pollution control infrastructure in provinces with high tourism

ecosystem health was one of the most effective ways to

increase the resilience of sustainable tourism development in

such provinces.

(3) Tourism environmental regulation (TER) significantly affected

tourism ecosystem health at the lower quantiles, but this had

no significant marginal impact as the quantiles increased.

This may be because of the spatial mismatch between

supply and demand in China’s tourism resources and natural

ecological background. The provinces with higher tourism

ecosystem health types are generally more market-oriented

regions, where the market itself can achieve an efficient

allocation of resources through competitive mechanisms, price

mechanisms, and supply and demand mechanisms. Too much

macro-regulation is not conducive to forming environmental-

economic systems such as green capital markets, green

credit, ecological compensation, and other environmental-

economic systems.

(4) The influence of technological innovation capacity (lnTIC) on

tourism ecosystem health was negative, with a non-significant

negative effect on technological innovation capacity at the

higher quartiles (75% and 90%). All other quartiles showed a

significant adverse effect at the 1% level. The absolute value of

the coefficient of technological innovation capacity increased

as the quantile decreased, with the negative effect reaching a

maximum at the 10% quantile. According to our findings, the

main obstacle factor for provinces with low tourism ecosystem

health in China was a lack of technological innovation capacity.

(5) As the quantile changed, the value of the coefficient of

information level (INFO) changed significantly, with the
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TABLE 7 The quantile regression model estimation results of driving factors of tourism ecosystem health.

Driving Factors (1) (2) (3) (4) (5) (6)

OLS q10 q25 q50 q75 q90

ln TIS 0.037∗

(1.92)

0.125∗∗∗

(3.49)

0.084∗∗∗

(4.87)

0.059∗∗∗

(3.25)

0.064∗∗∗

(2.73)

0.131∗∗

(3.16)

ln TIA −0.101∗∗∗

(−5.52)

−0.008∗∗∗

(−0.22)

−0.010∗∗∗

(−0.59)

−0.023∗∗∗

(−1.24)

−0.084∗∗∗

(−3.49)

−0.103

(−2.45)

TER 0.003∗∗∗

(3.97)

0.003∗∗∗

(0.85)

0.016∗∗∗

(0.81)

−0.003

(−0.19)

−0.003

(−1.03)

−0.005

(−1.09)

ln TIC −0.015∗∗∗

(−4.42)

−0.020∗∗∗

(−1.67)

−0.012

(−2.20)

−0.010∗∗∗

(−1.70)

0.003

(−0.04)

0.007

(0.48)

ln INFO 0.016∗∗∗

(3.69)

0.018∗∗∗

(1.32)

0.012

(1.78)

0.013∗∗

(1.89)

0.004

(0.37)

0.002∗∗∗

(0.13)

ln TLS 0.070∗∗∗

(12.41)

0.034∗∗∗

(6.26)

0.033∗∗∗

(12.31)

0.030∗∗∗

(10.89)

0.035∗∗∗

(9.63)

0.033∗∗∗

(5.18)

t statistics in parentheses. ∗P < 0.05, ∗∗P < 0.01, and ∗∗∗P < 0.001.

FIGURE 4

Changes in quantile regression coe�cients for tourism ecosystem health.

coefficients for the first 50% of the quantile being significantly

larger than those for the second 50% of the quantile.

From the coefficients, the degree of impact of information

infrastructure and information technology consumption was

more substantial for provinces with low tourism ecosystem

health. In contrast, for provinces with high tourism ecosystem

health, the effect of increasing informatization was diminished.

(6) Tourism land-use scale positively affected tourism ecosystem

health, with an inverted N-shaped trend. The panel quantile

regression results showed that the tourism land-use scale had

a significant and large positive effect on tourism ecosystem

health at the high quantile. However, its positive effect

decreased as the tourism land-use scale increased at this

quantile. Despite the problems of waste of production

factors such as land and capital and the excessive emission

of pollutants in the process of the use of tourism land, the

under-utilized tourism land has crowded out ecological

land space. The ecosystem organization structure is

under external stress. However, the resistance to external

interference and self-repair functions of ecosystem services
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does not exceed the reasonable carrying capacity of the

tourism environment.

4. Conclusions and discussion

Based on the DPSIR model, we systematically constructed an

evaluation index system to measure China’s tourism ecosystem

health. Then the dynamic evolution characteristics and driving

factors of tourism ecosystem health in China from 2011 to

2020 were analyzed with the entropy weight method, spatial

autocorrelation analysis, Markov chain analysis, and quantile

regression. The main conclusions are as follows: (1) During

the ten years from 2011 to 2020, the tourism ecosystem

health in China showed an M-shaped fluctuation process as a

whole, with three distinct stages of rapid increase (2011–2012),

slow decrease (2012–2015), and fluctuating development (2015–

2020). The kernel density exhibited a right-trailing phenomenon

and multiple peaks, indicating that the gap between China’s

tourism ecosystem health and the average has widened and

that there was a specific gradient of differences. Regarding

spatial differentiation, the tourism ecosystem health in China

was significantly spatially correlated, characterized by clustered

and contiguous development, with significant regional differences

in distribution. (2) There was a “path-dependent” and “self-

locking” effect on the type transfer of the tourism ecosystem

health in China. Type transfer generally occurs between adjacent

types in successive transfers, while the probability of cross-type

transfer is small, and the probability of downward transfer is

higher than upward transfer. In addition, geospatial patterns

played a significant role in the dynamic evolution process of

tourism ecosystem health. Specifically, the probability of the

state-level type of the province transferring downward would

increase if it was adjacent to a province with a low tourism

ecosystem health level, while the probability of the state-level

type of the province transferring upward would increase if it

was adjacent to a province with a high tourism ecosystem

health level. (3) The tourism ecosystem health in China was

driven by a combination of factors, including tourism industry

structure, tourism industry agglomeration, tourism environmental

regulation, information technology level, technological innovation

capacity, and tourism land-use scale. Moreover, in provinces

with low tourism ecosystem health type, the dampening effect of

technological innovation capacity was more significant, and the

influence coefficient of the positive marginal effect of tourism

environmental regulation and information technology level was

larger, while in provinces with high tourism ecosystem health type,

the dampening effect of tourism industry agglomeration was more

significant, and the influence coefficient of the positive marginal

effect of tourism industry structure and tourism land-use scale

was larger.

Under the new development concept of “innovation,

coordination, green, openness and sharing”, a systematic and

in-depth study on the dynamic evolution of tourism ecosystem

health in China and its driving factors are of great significance

in promoting the sustainable development and high-quality

transformation and upgrading of regional tourism. The main

contributions of this paper are listed as follows: (1) The dynamic

transfer process and pattern of tourism ecosystem health in

each province of China from 2000 to 2015 were analyzed using

the spatial Markov chain analysis, which can visually reveal the

heterogeneity of the “spatial spillover” effect of tourism ecosystem

health and the influence of geospatial background. (2) In contrast

to the idealistic treatment model of mean regression, the panel

quantile regression model emphasized the heterogeneity of driving

factors in the context of various tourism ecosystem health types.

Its empirical findings could more accurately reflect the actual

situation. Thus, the results can provide a research methodological

reference for a more comprehensive, systematic, and dynamic

exploration of the driving mechanisms of tourism ecosystem

health in similar areas, especially in developing countries, in the

future. (3) The research scale was reduced to the provincial level,

and the heterogeneity and regularity of tourism ecosystem health

at the regional scale could be better explained, providing empirical

support for local governments to formulate appropriate tourism

ecosystem health strategies for different provinces.

The findings of this paper have important policy implications:

(1) The government and tourism authorities should give due

consideration to regional synergy and integrated management in

tourism cooperation and development and tourism environmental

protection policies as a means of reducing the constraints and

impacts of spatial effects on tourism ecosystem health, reducing

spatial differences in tourism ecosystem health between provinces,

and achieving the goal of regional coordination and sustainable

development of the tourism industry. (2) More attention should

be paid to the dynamic evolution of tourism ecosystem health

in different provinces, especially in provinces with a “generally

healthy” neighborhood type, to avoid the risk of downward transfer

resulting from the crude growth of their tourism economies. (3)

The provinces with high tourism ecosystem health must make

efforts to accelerate the process of allocating tourism industry

elements, continuously promote structural reform on the supply

side of tourism, guide tourism development and transformation

and upgrading with the concept of ecological priority and green

development, and actively cultivate new low-carbon and green

tourism industries. Meanwhile, actions must be taken to initiate

the allocation of land resources in ways that are compatible with

the direction that the tourism industry is going as well as through

intensive utilization for sustainable development. For provinces

with low tourism ecosystem health, the research and development

of tourism pollution treatment and prevention technologies should

be focused on further improving tourism ecosystem health.

Additionally, regional tourism ecosystem health policies should

be continuously improved. Tourism ecosystem health should be

promoted through new media platforms to encourage green travel

and low-carbon consumption among tourists.

Data availability statement

The original contributions presented in the study are included

in the article/supplementary material, further inquiries can be

directed to the corresponding author.

Frontiers in PublicHealth 11 frontiersin.org

https://doi.org/10.3389/fpubh.2023.1127980
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org


Lu et al. 10.3389/fpubh.2023.1127980

Author contributions

FL: conceptualization, software, data curation, and

writing-original draft preparation. HR: methodology

and writing-reviewing. XZ: editing and visualization.

All authors contributed to the article and approved the

submitted version.

Funding

This research was funded by the Humanities and

Social Sciences Project of Shandong Province (Grant No.

2021-YYGL-33).

Conflict of interest

The authors declare that the research was conducted in the

absence of any commercial or financial relationships that could be

construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the

authors and do not necessarily represent those of their affiliated

organizations, or those of the publisher, the editors and the

reviewers. Any product that may be evaluated in this article, or

claim that may be made by its manufacturer, is not guaranteed or

endorsed by the publisher.

References

1. Buckley R. Sustainable tourism: research and reality. Ann Tourism Res. (2012)
39:528–46. doi: 10.1016/j.annals.2012.02.003

2. Sari FO, Nazli M. Exploring the effects of “excessive tourism
growth” on public health and ecosystem. J Hosp Tour Insights. (2021)
4:1–17. doi: 10.1108/JHTI-04-2020-0060

3. Weng GM, Pan Y, Li LY. The eco-security grading and spatial-temporal evolution
of tourism based on improved DPSIR-DS model: a case study of the five northwestern
provinces along the Silk Road. Tour Scien. (2018) 32:17–32.

4. Cao Y, Wang BX, Zhang J, Wang LZ, Pan YD, Wang QX, et al. Lake
macroinvertebrate assemblages and relationship with natural environment and
tourism stress in Jiuzhaigou Natural Reserve, China. Ecol Indic. (2016) 62:182–
90. doi: 10.1016/j.ecolind.2015.11.023

5. Banarsyadhimi URAMF, Dargusch P, Kurniawan F. Assessing the impact of
marine tourism and protection on cultural ecosystem services using integrated
approach: a case study of Gili Matra Islands. Int J Env Res Pub He. (2022)
19:12078. doi: 10.3390/ijerph191912078

6. Wang YW, Wu XY. The spatial pattern and influencing factors of
tourism eco-efficiency in Inner Mongolia, China. Front Public Health. (2022)
10:1072959. doi: 10.3389/fpubh.2022.1072959

7. Perfetto MC, Vargas-Sánchez A. Towards a smart tourism business ecosystem
based on industrial heritage: research perspectives from themining region of Rio Tinto,
Spain. J Herit Tour. (2018) 13:528–49. doi: 10.1080/1743873X.2018.1445258

8. Liu J, Liu XM, An KK, Hou JJ. Research on the spatio-temporal differentiation
and spatial effect of tourism environmental carrying capacity of the Yangtze River delta
urban agglomerations. Resour Environ Yangtze Basin. (2022) 31:1441–54.

9. Ruan WQ Li YQ, Zhang SN, Liu C-H. Evaluation and drive mechanism of
tourism ecological security based on the DPSIR-DEA model. Tourism Manage. (2019)
75:609–25. doi: 10.1016/j.tourman.2019.06.021

10. Xu SG, Zuo YF, Law R, Zhang M, Han JY, Li GP, Meng JW. Coupling
coordination and spatiotemporal dynamic evolution between medical
services and tourism development in China. Front Public Health. (2022)
10:731251. doi: 10.3389/fpubh.2022.731251

11. Rapport DJ. Ecosystem medicine. Bull Ecol. (1979) 60:180–
2. doi: 10.2307/20166211

12. Li G, Yang XJ, Liu Q, Zheng F. Destination island effects: a theoretical framework
for the environmental impact assessment of human tourism activities. Tour Manag
Perspect. (2014) 10:11–8. doi: 10.1016/j.tmp.2013.12.001

13. Zhou B, Zhong L, Chen T, Kuan Z. Dynamic assessment on tourism ecological
health in Zhoushan Islands. Geogr Res. (2015) 34:306–18.

14. Hillebrand B. An ecosystem perspective on tourism: the implications for tourism
organizations. Int J Tour Res. (2022) 24:517–24. doi: 10.1002/jtr.2518

15. Rapport DJ. What constitutes ecosystem health? Perspect Biol Med. (1989)
33:120–32. doi: 10.1353/pbm.1990.0004

16. Mageau MT, Costanza R, Ulanowicz RE. The development and initial testing a
quantitative assessment of ecosystem health. Ecosyst Health. (1995) 1:201–13.

17. Boes K, Buhalis D, Inversini A. Smart tourism destinations:
ecosystems for tourism destination competitiveness. Int J Tou Cities. (2016)
2:108–24. doi: 10.1108/IJTC-12-2015-0032

18. Mei R, Han L. Evaluation system of rural sustainable tourism
land based on ecosystem service value. Ecol Chem Eng S. (2022)
29:347–69. doi: 10.2478/eces-2022-0025

19. Sharpley R. Tourism, sustainable development and the theoretical divide:
20 years on. J Sustain Tour. (2020) 28:1932–46. doi: 10.1080/09669582.2020.
1779732

20. Rapport DJ, Böhm G, Buckingham D, Cairns Jr J, Costanza R, Karr
JR, et al. Ecosystem health: the concept, the ISEH, and the important
tasks ahead. Ecosyst Health. (1999) 5:82–90. doi: 10.1046/j.1526-0992.1999.
09913.x

21. Farrell BH, Runyan D. Ecology and tourism. Ann Tourism Res. (1991) 18:26–
40. doi: 10.1016/0160-7383(91)90037-C

22. Saveriades A. Establishing the social tourism carrying capacity for the tourist
resorts of the east coast of the Republic of Cyprus. Tourism Manage. (2000) 21:147–
56. doi: 10.1016/S0261-5177(99)00044-8

23. Cole DN, Monz CA. Impacts of camping on vegetation: response and
recovery following acute and chronic disturbance. Environ Manage. (2003) 32:693–
705. doi: 10.1007/s00267-003-0046-x

24. Sorice MG, Shafer CS, Ditton RB. Managing endangered species within the
use-preservation paradox: the Florida manatee (Trichechus manatus latirostris) as
a tourism attraction. Environ Manage. (2006) 37:69–83. doi: 10.1007/s00267-004-
0125-7

25. Yu ZP, Zhang YR, Zhang LJ. Evaluation on the health of tourism
ecosystem based on PSR model. J Anhui Agri Sci. (2012) 40:6029–32.
doi: 10.13989/j.cnki.0517-6611.2012.10.039

26. Bao QQ, Su WB. Study on ecosystem health evaluation of river scenic spot:
taking Lijiang River scenic spot as an example. J Nat Disasters. (2015) 24:122–7.
doi: 10.13577/j.jnd.2015.0216

27. Feng Q, Liu JT, Han L, Wen CY, Hu F. Ecosystem health assessment of
Poyang Lake National Wetland Park. Journal of Hydroecology. (2016) 37:48–54.
doi: 10.15928/j.1674-3075.2016.04.008

28. Xu HT, Zhou LF, Cheng Q. Study on ecosystem health evaluation and risk
assessment for Linghekou wetlands based on a PSR model. Acta Ecol Sin. (2017)
37:8264–74. doi: 10.5846/stxb201611152317

29. Luo R, Zhou N, Li Z. Spatiotemporal evolution and the driving force of tourism
ecosystem health in the Yangtze River Economic Belt, China. Pol J Environ Stud. (2022)
31:3235–48. doi: 10.15244/pjoes/146473

30. Lin MT Yu JH, Huang JC, Huang JH, Zhan CX. Landscape ecological
health assessment of tourist islands: a case of Meizhou Island, the Mazu
Holy Land of Fujian Province, East China. Chin J Ecol. (2012) 37:1846–54.
doi: 10.13292/j.1000-4890.2012.0302

31. Zhou B, Zhong LS, Wang LE, Zhang SR. Assessment on tourism ecological
health of the nature reserve-a case study of Xinqing Hooded Crane Nature
Reserve in Heilongjiang Province. Forest Resour Manage. (2015) 5:145–50.
doi: 10.13466/j.cnki.lyzygl.2015.05.024

32. Liu XL, Zhang M. Diagnosis of tourism ecosystem health in
Linzhi based on DPSIR conceptual model. Stat Manag. (2018) 19:97–99.
doi: 10.14018/j.cnki.cn13-1085/n.2018.17.013

Frontiers in PublicHealth 12 frontiersin.org

https://doi.org/10.3389/fpubh.2023.1127980
https://doi.org/10.1016/j.annals.2012.02.003
https://doi.org/10.1108/JHTI-04-2020-0060
https://doi.org/10.1016/j.ecolind.2015.11.023
https://doi.org/10.3390/ijerph191912078
https://doi.org/10.3389/fpubh.2022.1072959
https://doi.org/10.1080/1743873X.2018.1445258
https://doi.org/10.1016/j.tourman.2019.06.021
https://doi.org/10.3389/fpubh.2022.731251
https://doi.org/10.2307/20166211
https://doi.org/10.1016/j.tmp.2013.12.001
https://doi.org/10.1002/jtr.2518
https://doi.org/10.1353/pbm.1990.0004
https://doi.org/10.1108/IJTC-12-2015-0032
https://doi.org/10.2478/eces-2022-0025
https://doi.org/10.1080/09669582.2020.1779732
https://doi.org/10.1046/j.1526-0992.1999.09913.x
https://doi.org/10.1016/0160-7383(91)90037-C
https://doi.org/10.1016/S0261-5177(99)00044-8
https://doi.org/10.1007/s00267-003-0046-x
https://doi.org/10.1007/s00267-004-0125-7
https://doi.org/10.13989/j.cnki.0517-6611.2012.10.039
https://doi.org/10.13577/j.jnd.2015.0216
https://doi.org/10.15928/j.1674-3075.2016.04.008
https://doi.org/10.5846/stxb201611152317
https://doi.org/10.15244/pjoes/146473
https://doi.org/10.13292/j.1000-4890.2012.0302
https://doi.org/10.13466/j.cnki.lyzygl.2015.05.024
https://doi.org/10.14018/j.cnki.cn13-1085/n.2018.17.013
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org


Lu et al. 10.3389/fpubh.2023.1127980

33. Weng GM, Pan Y, Li LY, Song N. Research on dynamic evaluation of tourism
eco-health condition in the Silk Road. Eco Econ. (2019) 35:135–9.

34. ZhuM, Dong B, Cui YL, Zhang SS Ni YH, Yang F, XuWR. Shengjin Lake wetland
ecosystem health assessment and the response of overwintering migratory birds. J
Anhui Agr Univ. (2020) 47:88–94. doi: 10.13610/j.cnki.1672-352x.20200327.019

35. Tang Z. An integrated approach to evaluating the coupling
coordination between tourism and the environment. Tourism Manage. (2015)
46:11–9. doi: 10.1016/j.tourman.2014.06.001

36. Moran PAP. A test for the serial independence of residuals. Biometrika. (1950)
37:178–81. doi: 10.1093/biomet/37.1-2.178

37. Yang X, Zheng XQ, Lv LN. A spatitemporal model of land use change based
on ant colony optimization, Markov chain and cellular automata. Ecol Model. (2012)
233:11–9. doi: 10.1016/j.ecolmodel.2012.03.011

38. Shepero M, Munkhammar J. Spatial Markov chain model for electric vehicle
charging in cities using geographical information system (GIS) data.Appl Energ. (2018)
231:1089–99. doi: 10.1016/j.apenergy.2018.09.175

39. Koenker R, Bassett G. Regression quantiles. Econometrica. (1978) 46:33–
50. doi: 10.2307/1913643

40. Zhang C, Liu G. Evolving marginal effects of financial structure on economic
growth. Econ Res J. (2015) 50:84–99.

41. Carr ER, Wingard PM, Yorty SC, Thompson MC, Jensen NK, Roberson J.
Applying DPSIR to sustainable development. Int J Sust Dev World. (2007) 14:543–
55. doi: 10.1080/13504500709469753

42. Yang CY, Gong N, Hong HZ, You BY. The “spatial equilibrium” evolution of the
tourism ecosystem and theoretical construction from a multidisciplinary perspective. J
Environ Public Hea. (2022) 2022:9004097. doi: 10.1155/2022/9004097

Frontiers in PublicHealth 13 frontiersin.org

https://doi.org/10.3389/fpubh.2023.1127980
https://doi.org/10.13610/j.cnki.1672-352x.20200327.019
https://doi.org/10.1016/j.tourman.2014.06.001
https://doi.org/10.1093/biomet/37.1-2.178
https://doi.org/10.1016/j.ecolmodel.2012.03.011
https://doi.org/10.1016/j.apenergy.2018.09.175
https://doi.org/10.2307/1913643
https://doi.org/10.1080/13504500709469753
https://doi.org/10.1155/2022/9004097
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

	Dynamic evolution characteristics and driving factors of tourism ecosystem health in China
	1. Introduction
	2. Materials and methods
	2.1. Entropy weight method
	2.2. Global spatial autocorrelation analysis
	2.3. Markov chain analysis method
	2.4. Panel quantile regression model
	2.5. Evaluation index system and data source

	3. Results
	3.1. Spatial and temporal characteristics of tourism ecosystem health
	3.1.1. Time-series evolutionary characteristics
	3.1.2. Spatial differentiation characteristics
	3.1.3. Dynamic evolutionary characteristics

	3.2. Analysis of driving factors

	4. Conclusions and discussion
	Data availability statement
	Author contributions
	Funding
	Conflict of interest
	Publisher's note
	References


