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Abstract: The evaluation and trend prediction of tourism economic vulnerability (TEV) in major
tourist cities are necessary for formulating tourism economic strategies scientifically and promoting
the sustainable development of regional tourism. In this study, 58 major tourist cities in China were
taken as the research object, and an evaluation index system of TEV was constructed from two aspects
of sensitivity and adaptive capacity. On the basis of the entropy weight method, TOPSIS model,
obstacle diagnosis model, and BP neural network model, this study analyzed the spatiotemporal
patterns, obstacle factors, and future trends of TEV in major tourist cities in China from 2004 to
2019. The results show three key findings: (1) In terms of spatiotemporal patterns, the TEV index of
most of China’s tourist cities has been on the rise from 2004 to 2019. Cities throughout the coast of
China’s Yangtze River Delta and the Pearl River Delta urban agglomeration show high vulnerability,
whereas low vulnerability has a scattered distribution in China’s northeast, central, and western
regions. (2) The proportion of international tourists out of total tourists, tourism output density,
urban industrial sulfur dioxide emissions per unit area, urban industrial smoke and dust emission
per unit area, and discharge of urban industrial wastewater per unit area are the five major obstacles
affecting the vulnerability degree of the tourism economy. (3) According to the prediction results of
TEV from 2021 to 2030, although the TEV of many tourist cities in China is increasing year by year,
cities with low TEV levels occupy the dominant position. Research results can provide reference for
tourist cities to prevent tourism crises from occurring and to reasonably improve the resilience of the
tourism economic system.

Keywords: tourism economic vulnerability; spatiotemporal evolution; obstacle factors; trend predic-
tion; major tourist cities

1. Introduction

The concept of “vulnerability” originated from natural science research; it is used to
characterize the ability of a system or system combination to withstand and recover from
risk events [1]. In the early stages, the vulnerability concept was mainly applied to the
assessment of natural disasters such as floods and droughts or ecosystems such as forests
and coasts [2–5]. With the gradual integration and penetration of the natural and social
systems, the interaction between the natural environment and human social activities has
become increasingly obvious [6], and the relevant research on vulnerability has gradually
extended to the social and economic fields [7,8]. As one of the important components of
the concept and connotation of vulnerability, economic vulnerability refers to the bearing
capacity of the regional economy due to the impact of unexpected events in the process of
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development [9,10]. Economic vulnerability was first proposed by Briguglio in the 1990s
and has been gradually deepened in subsequent studies [11]. At present, it has become an
important indicator to measure whether the development of a regional or urban economic
system is healthy and stable [12].

With the rapid development of China’s social economy and the improvement of
people’s living standards, tourism has been gradually positioned as a “strategic pillar
industry and modern service industry,” playing an increasingly important role in regional
economic development. However, as a typical sensitive industry, tourism will be greatly
impacted by financial crises [13], political conflicts [14], social disturbances [15], public
health events [16], and natural disasters [17] in the context of the integration of global
trade of services. This is especially true in areas where economic development is highly
dependent on tourism; although these areas have gained huge profits through the vigorous
development of tourism, the instability of tourism will inevitably bring about regional
economic shocks, and regional economic development is generally vulnerable to hidden
worries [18]. Nowadays, with the increasing role of tourism in national political communi-
cation, economic development, and residents’ well-being, as well as the pursuit of regional
sustainable development goals, the research on TEV is receiving growing attention [19,20].

TEV refers to the inherent property wherein the structure and function of the tourism
economy system are easily damaged due to the restriction of its own property and the
inability to adapt to various disturbances inside and outside the system [21]. TEV is usually
divided into two types: “endogenous” and “exogenous”. Endogenous vulnerability is
formed under the constraints of certain economic systems and tourism resources and
cannot be eliminated by conscious actions, such as policy combining [22,23]. Exogenous
vulnerability is a result of “non-systemic causes” from the external environment, such as
earthquakes, public health events, financial crises, and social disturbances, which have
contingent and sudden characteristics [22,23]. In general, the literature on TEV mainly
focused on the following two aspects: (1) The analysis of TEV under the impact of crisis
events; such studies focus on the impact of some emergencies on the tourism economy from
the perspective of crisis management and take the impact degree of the crisis as the basis
for assessing vulnerability. For example, Huang et al. analyzed the long-term impact of the
Wenchuan Earthquake on inbound tourists in Sichuan and found a significant increase in
inbound tourists after the earthquake, with a “blessing in disguise” effect [24]. Pham et al.
used the tourism satellite account approach and tourism CGE model to effectively measure
the changes and impacts of COVID-19 on the core and related industries of Australia’s
inbound tourism [25]. In addition, the recovery and development of the tourism economy
in the context of crisis events is also an important research topic [26]. Gurtner used the
case of Bali to illustrate that after a tourism crisis, the government, industry, community,
and other tourism stakeholders need to strengthen cooperation and adopt a wide range of
new strategies to deal with the changing destination environment and potential challenges
in the future [27]. Raki et al. discussed the role of active and proactive tourism recovery
strategies in improving the well-being of tourists, improving the profitability of companies,
and reducing employee turnover under the impact of COVID-19 [28]. (2) Assessment of
the TEV of typical tourist destinations; this kind of research focuses on the evaluation
of tourism economic system shock resistance of various types of tourism destinations.
Research on islands, countries, typical tourism cities, national regions, and other traditional
tourist destinations is prioritized using the entropy weight method, TOPSIS model, obstacle
degree model, and geographical detectors and comprehensive quantitative analysis of
vulnerability degree; research contents include TEV measurement, spatiotemporal pattern
evolution, and influence factors [29–33].

It can be seen from the above analysis that the existing literature is still mostly limited
to discussing the TEV of individual typical tourist destinations. However, with the rapid
development of China’s tourism industry, a global analysis of TEV in major tourist cities
on a national scale is urgently required to optimize the regional pattern of tourism devel-
opment. In addition, the existing literature usually measures regional TEV in previous
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years but lacks predictive research on the regional TEV in the future. Such discussion is
more conducive to grasping the evolutionary trend of TEVs in order to rationally plan
relevant strategies to reduce the regional TEV. In view of this, 58 major tourist cities in
China were selected as study areas for this paper. Our objectives were as follows: (1) Clarify
the spatiotemporal evolution of TEV in major tourist cities in China. (2) Explore the main
obstacles affecting TEV in major tourist cities in China. (3) Forecast the evolution trend of
TEV of major tourist cities in China in the next 10 years.

In this study, we first assessed the level of TEV of each city from 2004 to 2019 based
on the case studies of 58 major tourist cities in China, using the entropy weight method
and TOPSIS model. Then, the obstacle diagnosis model was used to analyze the obstacle
factors affecting TEV in major tourist cities in China. Finally, the BP neural network model
was used to predict the evolutionary trend of TEV in major tourist cities in China in the
future. The research conclusions are of great significance for the detailed understanding
of TEV and the future evolutionary trend of major tourist cities in China in the context of
high-quality development. These results can provide a reference for regional tourism crisis
prevention and effectively enhance the resilience of the urban tourism economy.

The structure of this study can be divided into five parts. The first part is the Intro-
duction, which introduces the research background, research objectives, existing research
results, and the value of this research. The second part is the Materials and Methods, which
establishes the evaluation index system of TEV, explains the data sources, and introduces
the application logic of research methods. The third part is the Results, which expounds
on the spatiotemporal evolution of the TEV of major tourist cities in China, the obstacle
factors affecting the TEV, and the future evolutionary trend of the TEV. The fourth part
is the Discussion, which summarizes the spatiotemporal characteristics and future evolu-
tionary trends of TEV in major tourist cities in China, and puts forward countermeasures
to improve the resilience of the urban tourism economy. The fifth part is the Conclusion,
which shows the highlights of the results and limitations of the study.

2. Materials and Methods
2.1. Study Area

A tourist city considers tourism development to be an important goal that has a
prominent function after a certain period of accumulation [34]. The Yearbook of China
Tourism Statistics has recorded long-term tracking statistics on the tourism development
of 60 major tourist cities in China. However, due to the lack of statistical data of Yanbian
and Lhasa, among the 60 major tourist cities, this study selected only 58 cities as research
objects in this study, as shown in Figure 1. These major tourist cities not only have
prominent tourism functions, evident progress in the city’s tourism construction, and
enjoy high popularity at home and abroad; they also have large differences in their urban
population on an economic scale, wide regional coverage, and diverse urban types. These
characteristics make them suitable for exploring the urban TEV.

2.2. Research Framework

Figure 2 shows the implementation framework of this study, which mainly includes
three steps. First, on the basis of relevant research, the evaluation index system of TEV was
constructed from the two dimensions of sensitivity and adaptive capacity. Second, the data
needed for this study were collected from various statistical yearbooks of China. Finally,
the econometric correlation model and spatial visualization methods were used to present
the research results.
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2.3. Index System Construction

Polsky et al. constructed the vulnerability assessment system of “exposure, sensitivity,
and adaptive capacity” in 2007, which provided a solid theoretical basis for vulnerability
research [35]. After that, scholars in different fields continued to apply and expand the
vulnerability theory model based on it, among which the two dimensions of “sensitivity
and adaptive capacity” have been gradually taken as the core dimension of the vulnerabil-
ity assessment of tourism [23,36]. Sensitivity refers to the ability of a system to withstand
damage in the case of internal disorder and external impact [35]. The weaker the sensitivity
is, the less vulnerable a system is to damage. Adaptive capacity refers to the ability of
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a system to quickly adjust from a crisis situation to a safe and stable situation [35]. The
stronger the adaptive capacity is, the stronger the self-maintenance ability of a system and
its ability to quickly recover from adverse effects. Sensitivity and adaptive capacity deter-
mine the vulnerability of a system in the interaction. The interaction between sensitivity
and adaptive capacity determines the vulnerability of the tourism economic system. When
the tourism economy has a high vulnerability, it indicates that the tourism economy has a
poor anti-crisis ability, which reduces the speed at which the tourism economy can recover
to a stable state; otherwise, the economic system is more secure.

As the sensitivity and adaptive capacity of the tourism economy are multiple structural
variables, they involve complex economic environmental factors. To reflect the degree of
TEV of major tourist cities in China in a comprehensive way, the evaluation index system
proposed in this study was constructed as follows. First, the construction methods and
contents involved in the existing research on the index system of TEV were fully utilized for
reference [21,23,32,36]. Second, the accessibility of the data of each indicator was ensured.
Finally, the index system can be applied to different types of tourist cities in China. On the
basis of the above considerations, this study combined the basic elements of the tourism
industry, social economy, finance, infrastructure construction, and ecological environment,
and a total of 27 indicators from the two aspects of sensitivity and adaptive capacity were
selected to construct an evaluation index system for the TEV of major tourist cities in China.
Table 1 shows the specific indicators.

Table 1. Index system of TEV.

System Primary Indicator Secondary Indicator Unit Attribute Serial Number

Sensitivity

Industry core
element

Proportion of total earnings from tourism in GDP % Positive S1
Elasticity coefficient of tourism to GDP growth — Positive S2

Proportion of international tourists out of total tourists % Positive S3
Proportion of tourism foreign exchange income in

total tourism revenue % Positive S4

Proportion of total tourism revenue in tertiary
industry output value % Positive S5

Tourism output density 10,000 CNY/km2 Positive S6

Industry-related
element

Discharge of urban industrial wastewater per unit area 10,000 tons/km2 Positive S7
Urban industrial sulfur dioxide emissions per unit area ton/km2 Positive S8
Urban industrial smoke and dust emission per unit area ton/km2 Positive S9

Urban registered unemployment rate % Positive S10

Adaptive capacity

Industry potential
Annual growth rate of total tourism income % Negative A1
Annual growth rate of total tourist arrivals % Negative A2

Economic vitality

GDP per capita CNY Negative A3
GDP growth rate % Negative A4

Fixed asset investment per capita 10,000 CNY Negative A5
Per capita year-end deposit balance of financial

institutions CNY Negative A6

Environmental
protection

Green coverage rate in built-up areas % Negative A7
Urban green space per capita m2/person Negative A8

Household harmless garbage disposal rate % Negative A9
Centralized sewage treatment rate % Negative A10

Public service

Per capita postal revenue CNY Negative A11
The number of doctors per 10,000 people Person Negative A12

Per capita expenditure in local general
public budgets Yuan Negative A13

Per capita paved road area at the end of the year km2 Negative A14
Number of buses per 10,000 people Bus Negative A15

Number of subscribers with broadband internet access 10,000
households Negative A16

Per capita revenue from telecommunications services CNY Negative A17

In terms of sensitivity, TEV is not only affected by the core elements within the
tourism industry; it is also closely related to the external elements of the tourism industry.
According to the viewpoints of scholars, the sensitivity is positively correlated with TEV;
that is, the higher the sensitivity, the higher the TEV, and vice versa [23,37]. Therefore, all
indicators attribute of sensitivity should be positive. In this study, the sensitivity index
of TEV was mainly constructed from two levels of industry core elements (S1–S6) and
industry-related elements (S7–S10), including 10 specific indicators. Among them, S1, S2,
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S5, and S6 were mainly used to reflect the dependence of urban economic development
on the tourism industry; due to the instability of the tourism industry, the higher the
dependence proportion, the higher the vulnerability of the urban tourism economy. S3
and S4 mainly reflect the dependence of the urban tourism industry on inbound tourism
development. Inbound tourism has many potential uncertainties and is more susceptible to
various unexpected factors than domestic tourism. Therefore, the higher the dependency
ratio, the higher the vulnerability of the urban tourism economy. S7, S8, and S9 mainly
reflect the level of environmental quality of the tourist destination; The higher the pollution
level, the higher the vulnerability of the urban tourism economy. S10 mainly reflects the
employment situation of tourist cities; if the unemployment rate is higher, it indicates that
urban economic development is at a low stage, and the vulnerability of the urban tourism
economy is higher.

In terms of adaptive capacity, when the urban tourism economic system is impacted,
the development potential of the urban tourism industry and the construction level of
the city in terms of economy, ecology, and public services are particularly important for
coping with the crisis. According to the viewpoints of scholars, the adaptive capacity is
negatively correlated with TEV; that is, the higher the adaptive capacity, the lower the TEV,
and vice versa [23,37]. Therefore, the indicators attribute of adaptive capacity should all
be negative. In this study, the indicators of the adaptive capacity of the tourism economic
system were mainly constructed from four aspects of the industrial potential, economic
vitality, environmental protection, and public service of urban tourism, including 17 specific
indicators. A1 and A2 reflect the growth capacity of the regional tourism industry and the
attraction of urban tourism, respectively; the higher the growth rate of the total tourism
income and the total number of tourists received, the stronger the adaptive capacity of the
tourism economy and the lower the TEV. A3, A4, A5, and A6 objectively reflect the city’s
overall economic strength and economic development potential. The higher the GDP per
capita, GDP growth rate, fixed asset investment per capita, and per capita year-end deposit
balance of financial institutions, the higher the level of urban economic development, and
the lower the TEV [36]. A7, A8, A9, and A10 reflect the environmental protection level of
the city; the more green space and the higher the garbage and sewage treatment rate, the
higher the anti-risk response-ability of the city’s tourism economy and the lower the TEV.
A11, A12, A13, A14, A15, A16, and A17 reflect the city’s public service levels in terms of
postal services, medical services, transportation, and communication; the better the public
service level, the stronger the city’s ability to deal with tourism emergencies and the lower
the corresponding TEV.

2.4. Data Sources

The data sources of this study mainly include the following two aspects. First, data
on the economy, environment, and public services of 58 major tourist cities in China, from
2004 to 2019, mainly came from the China City Statistical Yearbook (CCSY). CCSY is an
annual publication reflecting the social and economic development of Chinese cities. Each
issue contains major statistics on the social and economic development of Chinese cities
at all levels in the previous year. Detailed statistics of the development data of 58 major
tourist cities in China can be found in CCSY. If some of the data could not be found in
the CCSY, Statistical Yearbooks (SY) of each tourist city were searched to supplement the
data in this study. Second, data on the tourism industry and other aspects of 58 major
tourism cities in China, from 2004 to 2019, mainly came from the SY of each city, Statistical
Communique of National Economic and Social Development (SCNESD), and the Yearbook
of China Tourism Statistics (YCTS). In addition, in order to enhance comparability, some
of the data were processed by secondary calculations. The data sources for each case city
were detailed in Table A1 (Appendix A).
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2.5. Research Methods
2.5.1. The Weights of Indicators Were Calculated by the Entropy Weight Method

As an objective weight assignment method, the entropy weight method determines
the weight based on the variation degree of the data, which can effectively eliminate the
interference of human factors and has strong objectivity and reliability. In view of this, the
method in this study was used to calculate the weight of each of the 27 indicators in the
TEV index system. The formula for each step of the model is as follows [38,39]:

(1) Set the original evaluation matrix as:

X = (xit)m×n (1)

In the formula, xit represents the original value of the t-th index in the i-th sample;
i = 1, 2, . . . , m, where m is the sample number; t = 1, 2, . . . , n; n is the number of
indicators. It should be noted that the sample number m in this study is 928, which is
composed of 16 years of data (2004–2019) for 58 major tourist cities in China. In addition,
the number of indicators n in this study is 27, and they are the indicators in Table 1.

(2) Standardize the above original evaluation matrix to form a standardized matrix:

Y = (yit)m×n (2)

where yit represents the standardized value of the t-th indicator in the i-th sample. Among
them, the positive indicators are yit = (xit − xmin)/(xmax − xmin), and the negative indica-
tors are yit = (xmax − xit)/(xmax − xmin).

(3) Use the entropy weight method to obtain the weights of indicators. The specific
calculation formula is as follows:

wt = (1− Et)/

(
m−

m

∑
t=1

Et

)
(3)

pit = yit/
n

∑
i=1

yit (4)

Et = −
1

ln n

n

∑
i=1

pit ln pit (5)

In the formula, i is the sample reference, and t is the indicator reference. pit represents
the feature proportion, Et represents the information entropy, and wt represents the weight
of the t-th indicator.

2.5.2. TOPSIS Model Was Used to Calculate the Values of Sensitivity, Adaptive Capacity,
and TEV

On the basis of the indicator weight, the TOPSIS model can be used to calculate
the value of each evaluation object. The calculation principle of the TOPSIS model is to
calculate the distance between each evaluation object and the optimal (inferior) solution,
and then determine the relative approximation degree between the evaluation object and
the ideal solution, so as to calculate the evaluation value. In this study, it was introduced to
calculate the annual value of the TEV of 58 major tourist cities in China from 2004 to 2009,
as well as the values of sensitivity and adaptive capacity of the components of TEV. In
this study, the formula of the TOPSIS model used in the calculation of sensitivity, adaptive
capacity, and TEV is the same, with the only differences being the indicator types. The
calculation formula for each step of the TOPSIS model is as follows [38,39]:

(1) Construct the weighting matrix:

S = Y×Wt (6)

where Y is the matrix obtained after standardized processing in the entropy weight method
mentioned above, and Wt is the weight of indicator t.
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(2) Determine the optimal solution S+
t and the worst solution S−t for the t-th indicator:

S+
t = max{S1t, S2t, · · · , Smt}

S−t = min{S1t, S2t, · · · , Smt}
(7)

(3) Calculate the Euclidean distance between the optimal (inferior) solution and the positive
(negative) ideal solution. i is the sample reference, and t is the indicator reference:

R+
i =

√
n

∑
t=1

(
S+

t − Sit
)2; R−i =

√
n

∑
t=1

(
S−t − Sit

)2 (8)

(4) Calculate the proximity Ci:

Ci =
R−i

R+
i + R−i

(9)

In the formula, i is the sample reference. The Ci value is within (0, 1). The higher the
value of Ci is, the better the evaluation object, and vice versa.

It should be noted that when calculating sensitivity, the indicator t in the formula
contains S1–S10, a total of 10 indicators. When calculating adaptive ability, the indicator t in
the formula includes A1–A17, a total of 17 indicators. When calculating TEV, the indicator
t in the formula includes S1–S10 and A1–A17, a total of 27 indicators.

2.5.3. The Main Factors Affecting TEV Were Detected by the Obstacle Diagnosis Model

The obstacle diagnosis model can effectively analyze and identify the obstacles that
affect the development level of the regional system elements and has been widely used
in many fields. In this study, two problems can be clarified by introducing the obstacle
degree model. First, it is clear which of the 27 indicators of TEV have a major impact on
TEV. Second, the obstacle factors affecting TEV in different cities are clearly different. The
formula is as follows [40]:

Mit =
Rt × Pit

n
∑

t=1
(Rt × Pit)

× 100% (10)

In the formula, i is the sample reference, and t is the indicator reference. Mit is the
obstacle degree of the t-th indicator to the ecological tourism security in i samples; Rt is
the weight of each indicator, representing the contribution degree of the obstacle factors.
Pit = 1− yit represents the deviation between indicators and development goals, and yit is
the standardized value of each indicator. In addition, it should be noted that there may be
deviations in evaluation results caused by accidental factors in a single year. Therefore, for
the diagnosis results of the obstacle factors in 58 major tourist cities in China, the 16-year
average, from 2004 to 2019, was used to obtain the diagnosis results.

2.5.4. The Evolution Trends of TEV Were Predicted by the BP Neural Network Model

(1) Model setting

The BP neural network, also known as the error-back propagation neural network,
has been developed into the most important and widely used artificial neural network
algorithm owing to its advantages such as flexible structure design, multiple training
algorithms, and good operability [41]. The structure of the BP neural network is a multilayer
forward neural network, with an input layer, several hidden layers, and an output layer
(Figure 3). Neural networks are connected by links, each of which has a weight. Weight is
the basic form of the neural network, and artificial neurons learn by constantly adjusting
these weights. The process of a neural network involves the following steps [42]. The first
is the selection framework; the second is deciding what kind of learning algorithm to use.
Finally, the neural network is trained, which involves initializing the weight of the network
and changing the weight value through a series of training steps.
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(2) Model building

The BP neural network with a three-layer structure was adopted. The input variable
is the year corresponding to TEV index, the middle is the hidden layer, and the output
variable is TEV index. The number of neurons in the hidden layer was determined by
experiments. According to the number of neurons in the input layer and the output
layer, the number of neurons in the hidden layer was tentatively determined as 8–12. By
comparing the prediction errors of different hidden layer networks, the number of hidden
layer neurons was finally set as 10.

(3) Initial data processing and parameter setting

To prevent neurons from reaching the saturation state, the sample data were first
normalized. MATLAB programming was used to normalize the sample data to the interval
of 0–1, according to the positive and negative properties of the indicators. These data were
taken as the input, and the standardized TEV was taken as the output data to form a training
sample for the BP neural network. When the transfer function of the intermediate layer is an
S-shaped tangent function, and the transfer function of the output layer is a linear function,
the prediction result is optimized. Considering that the function trainlm converges quickly,
and the training error of the network is relatively small, the LM algorithm was selected
for training, the maximum training times were set as 1000, the target accuracy was set as
0.0001, and the learning rate was set as 0.01.

(4) Model training and testing

The data of 58 major tourist cities in China, from 2004 to 2019, were trained separately.
During the training, the sample data were randomly divided into two groups according to
the proportions of 80% and 20% and used as training and test data, respectively. Figure 4
shows the regression accuracy of the neural network model. The correlation coefficient R2

of the test samples was higher than 0.95, and the average error rate was 1.49%, showing a
good fitting effect. Therefore, the neural network model can be used to better predict the
TEV of China’s major tourist cities from 2021 to 2030.
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3. Results
3.1. Spatiotemporal Evolution of Urban TEV
3.1.1. The Evaluation of Each Indicator Weight in Urban TEV

In this study, the weights of 27 indicators were calculated by using the entropy weight
method, and the calculation results are shown in Table 2. Among them, S1–S10 are the
indicators of the “sensitivity” part of the TEV, A1–A17 are indicators of “adaptive capacity”
part of the TEV.

Table 2. The Weight of each indicator.

Serial Number Weight Serial Number Weight Serial Number Weight

S1 0.0603 S10 0.0580 A9 0.0006
S2 0.0006 A1 0.0003 A10 0.0411
S3 0.1984 A2 0.0002 A11 0.0007
S4 0.0868 A3 0.0010 A12 0.0036
S5 0.0514 A4 0.0045 A13 0.0011
S6 0.1340 A5 0.0004 A14 0.0013
S7 0.1290 A6 0.0010 A15 0.0005
S8 0.1043 A7 0.0016 A16 0.0003
S9 0.1168 A8 0.0014 A17 0.0008

3.1.2. Spatiotemporal Changes of Urban TEV

Figure 5 shows the sensitivity dimension of the urban TEV. During the period from
2004 to 2007, cities with high sensitivity values were mainly distributed in economically
developed regions such as Shanghai, Suzhou, Shenzhen, Zhuhai, and Guangzhou in
China’s Yangtze River Delta and Pearl River Delta. In addition, Tianjin, located in Northern
China, has a high sensitivity value. During the period from 2008 to 2011, the sensitivity
values of all cities in this stage were basically similar to those in the previous stage, and
only a few cities’ sensitivity values changed. For example, Shanghai was added as one of
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the cities with the highest sensitivity values, whereas the sensitivity of Tianjin declined
in this stage. During the period from 2012 to 2015, among the cities with high sensitivity
values, the value of Zhuhai declined, whereas the value of Taiyuan rose sharply and became
one of the cities with the highest sensitivity values. In addition, the sensitivity values of
Huangshan, Qinhuangdao, and other cities rose to a higher level. During the period from
2016 to 2019, the cities with the highest sensitivity were Shanghai, Xiamen, Zhangzhou,
and Shenzhen, among which the sensitivity value of Zhangzhou increased the most. In
addition, compared with the previous stage, the sensitivity of Chongqing has also been
greatly improved.
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Figure 6 shows the dimension of adaptive capacity of the urban TEV. During the
period from 2004 to 2007, Harbin, Jilin, Chengde, Xining, Luoyang, Chongqing, Chang-
sha, Huangshan, Guiyang, Quanzhou, and Nanning had the highest adaptive capacities.
During the period from 2008 to 2011, the adaptive capacity of all cities as a whole declined
significantly. Meanwhile, at this stage, Urumqi, Xining, Wenzhou, Guiyang, Beihai, Shan-
tou, and other cities had the highest adaptive capacity. During the period from 2012 to 2015,
the adaptive capacity of all cities decreased further on the whole. At this stage, the adaptive
capacity of Lianyungang, Nanjing, and Xining were at their highest level. Compared with
the previous stage, the adaptive capacity of many cities decreased significantly. During the
period from 2016 to 2019, the adaptive capacity of all cities decreased further compared
with the previous period. Only Harbin and Nanjing had a high level of adaptive capac-
ity. The adaptive capacity of Lianyungang, Nanning, Xining, and other cities decreased
significantly in this stage.
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As shown in Figure 7, During the period from 2004 to 2007, cities with a high TEV were
mainly distributed in the economically developed areas along the eastern coast of China,
including Shanghai, Shenzhen, Zhuhai, Guangzhou, Zhongshan, and Tianjin. During
the period from 2008 to 2011, Shanghai, Shenzhen, and Zhuhai still had the highest TEV,
while the TEVs of the tourist cities in central and western China generally decreased.
During the period from 2012 to 2015, the coastal cities of Shanghai, Xiamen, and Shenzhen
had the highest TEV. The TEV of Ningbo, Fuzhou, Quanzhou, Zhangzhou, Shantou, and
other coastal cities had decreased. The TEVs in the Middle and western regions of China
generally had little change, and only the TEV in Taiyuan increased. During the period from
2016 to 2019, the TEV in Jilin, Chengde, Datong, Chengdu, Chongqing, Guilin, Beihai, and
other cities increased significantly compared with the previous stage.
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3.2. Obstacle Factor Diagnosis of TEV

Considering the space limitation, we only screened out the top five main obstacle
factors of each city for display and explanation (Table 3).

Table 3 shows that in the obstacle factors of the TEV of China’s major tourist cities,
S3 (proportion of international tourists out of total tourists), S6 (tourism output density),
S8 (urban-industrial sulfur dioxide emissions per unit area), S9 (urban-industrial smoke
and dust emission per unit area), and S7 (discharge of urban industrial wastewater per
unit area) are the five indicators with the highest occurrence frequency. Thus, the five
factors were the top five most critical factors affecting TEV values. In all 58 major tourist
cities in China, S3 was the greatest obstacle factor affecting TEV, and the obstacle degree of
all the other cities was above 0.2 except for Shenzhen, Taiyuan, and Zhuhai. The second
obstacle factor of most cities was S6, and the obstacle degree was between 0.1234 and
0.1650. However, the second obstacle factor of a few cities, such as Guangzhou, Xiamen,
Shanghai, and Shenzhen, was S9, and the obstacle degree was between 0.1276 and 0.1362.
The third obstacle factors affecting TEV in 58 major tourist cities were S8 and S9. Among
these 58 cities, S8 was the obstacle factor in 27 cities, and the obstacle degree was between
0.0989 and 0.1308. By comparison, S9 was the obstacle factor in 31 cities, and the obstacle
degree was between 0.1109 and 0.1276. The fourth obstacle factor affecting TEV was similar
to the third obstacle factor, and the fourth obstacle factors in most cities were mainly S8
and S9. In 27 cities, the fourth obstacle factor was S8, and the obstacle degree ranged from
0.1033 to 0.1252. In 22 cities, the fourth obstacle factor was S9, and the obstacle degree
ranged from 0.1124 to 0.1259. In addition, heterogeneity was observed in some cities. For
example, the fourth obstacle factor in Guangzhou, Xiamen, and Shanghai was S6, with
the obstacle degree being between 0.0886 and 0.1228; whereas the fourth obstacle factor
in Guiyang, Luoyang, Ningbo, Qinhuangdao, Shenzhen, and Taiyuan was S7, with an
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obstacle degree between 0.0987 and 0.1116. The fifth obstacle factor of 49 cities was S7,
and the obstacle degree ranged from 0.0838 to 0.1196. In addition, the distribution of the
fifth obstacle factor in other cities was scattered, among which the fifth obstacle factor in
Guiyang, Luoyang, Ningbo, and Taiyuan was S8, and the obstacle degree ranged from
0.1034 to 0.1097. The fifth obstacle factor in Suzhou and Wuxi was S8, and the obstacle
degrees were 0.0892 and 0.0957, respectively. The fifth obstacle factor in Xiamen was
S10 (urban registered unemployment rate), and the obstacle degree was 0.0720. The fifth
obstacle factor in Shenzhen was S6, and the obstacle degree was 0.0952. The fifth obstacle
factor in Qinhuangdao was S9, and the obstacle degree was 0.1077.

3.3. Prediction of the Evolution Trend of Urban TEV in the Next 10 Years

In this study, the vulnerability indices of the tourism economy from 2004 to 2019
were taken as sample data and imported into the trained network model to obtain the
vulnerability values of the tourism economy from 2021 to 2030; Figure 8 shows the results.
During the period of 2021–2030, although the TEV of many major tourist cities in China
increases year by year, the cities with low TEV levels still occupy the dominant position.
In this period, the cities with high TEV levels will be Shenzhen, Xiamen, Shanghai, and
Zhuhai. These cities are all located in the eastern coastal zone of China, and the average
values of their TEV will be 0.2911, 0.2621, 0.2510, and 0.2092, respectively. Low-level
TEV cities are mostly concentrated in the northeast and western regions of China, such
as Yinchuan, Lanzhou, Harbin, and Hohhot, and the average TEV are 0.0310, 0.0483,
0.0513, and 0.0531, respectively. In general, the TEV of high-level and low-level regions
differ greatly, indicating that the TEV of major tourist cities in China have strong spatial
heterogeneity during this period. The cities with high TEV are mostly distributed in the
Yangtze River Delta and Pearl River Delta urban agglomerations along the eastern coast of
China, whereas the cities with low TEV are scattered in the northeast, central, and western
regions of China. This spatial feature is similar to the existing situation explored above.
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Table 3. Obstacle factors and obstacle degree of TEV of major tourist cities in China.

City Level 1 Level 2 Level 3 Level 4 Level 5 City Level 1 Level 2 Level 3 Level 4 Level 5

Beihai S3(0.2238) S6(0.1445) S9(0.1146) S8(0.1137) S7(0.1076) Qingdao S3(0.2215) S6(0.1408) S9(0.1159) S8(0.1136) S7(0.1065)
Beijing S3(0.2295) S6(0.1234) S8(0.1216) S9(0.1203) S7(0.1117) Quanzhou S3(0.2255) S6(0.1517) S9(0.1191) S8(0.1189) S7(0.1046)

Chengdu S3(0.2257) S6(0.1369) S8(0.1164) S9(0.1161) S7(0.1047) Sanya S3(0.2328) S6(0.1455) S8(0.1308) S9(0.1259) S7(0.1196)
Chengde S3(0.2238) S6(0.1528) S8(0.1201) S9(0.1171) S7(0.1112) Xiamen S3(0.2370) S9(0.1276) S8(0.1107) S6(0.0989) S10(0.0720)

Dalian S3(0.2268) S6(0.1474) S9(0.1185) S8(0.1170) S7(0.1006) Shantou S3(0.2208) S6(0.1382) S9(0.1155) S8(0.1083) S7(0.0965)
Datong S3(0.2250) S6(0.1508) S9(0.1149) S8(0.1132) S7(0.1098) Shanghai S3(0.2528) S9(0.1301) S8(0.0989) S6(0.0886) S7(0.0850)
Fuzhou S3(0.2229) S6(0.1497) S9(0.1171) S8(0.1162) S7(0.1106) Shenyang S3(0.2215) S6(0.1445) S9(0.1135) S8(0.1134) S7(0.1068)

Guangzhou S3(0.2110) S9(0.1288) S8(0.1229) S6(0.1228) S7(0.1063) Shenzhen S3(0.1948) S9(0.1362) S8(0.1285) S7(0.0987) S6(0.0952)
Guiyang S3(0.2304) S6(0.1384) S9(0.1177) S7(0.1107) S8(0.1097) Shijiazhuang S3(0.2250) S6(0.1481) S9(0.1143) S8(0.1093) S7(0.1034)

Guilin S3(0.2220) S6(0.1565) S8(0.1245) S9(0.1212) S7(0.1148) Suzhou S3(0.2421) S6(0.1422) S9(0.1244) S8(0.1053) S4(0.0892)
Harbin S3(0.2209) S6(0.1484) S8(0.1180) S9(0.1141) S7(0.1086) Taiyuan S3(0.1902) S6(0.1477) S9(0.1175) S7(0.1116) S8(0.1095)
Haikou S3(0.2157) S6(0.1400) S8(0.1173) S9(0.1133) S7(0.1063) Tianjin S3(0.2183) S6(0.1360) S9(0.1217) S8(0.1111) S7(0.1082)

Hangzhou S3(0.2344) S6(0.1480) S8(0.1243) S9(0.1243) S7(0.1002) Weihai S3(0.2182) S6(0.1413) S9(0.1135) S8(0.1123) S7(0.1063)
Hefei S3(0.2204) S6(0.1407) S8(0.1154) S9(0.1132) S7(0.1060) Wenzhou S3(0.2223) S6(0.1446) S8(0.1162) S9(0.1157) S7(0.1065)

Hohhot S3(0.2196) S6(0.1468) S8(0.1132) S9(0.1130) S7(0.1079) Urumqi S3(0.2163) S6(0.1485) S9(0.1139) S8(0.1133) S7(0.1079)
Huangshan S3(0.2314) S6(0.1583) S8(0.1290) S9(0.1245) S7(0.1178) Wuxi S3(0.2338) S6(0.1252) S9(0.1161) S8(0.1033) S4(0.0957)

Jilin S3(0.2242) S6(0.1498) S8(0.1183) S9(0.1150) S7(0.1078) Wuhan S3(0.2302) S6(0.1303) S9(0.1175) S8(0.1122) S7(0.1008)
Jinan S3(0.2201) S6(0.1405) S9(0.1119) S8(0.1103) S7(0.1046) Xi’an S3(0.2258) S6(0.1418) S9(0.1174) S8(0.1163) S7(0.1068)

Jiujiang S3(0.2248) S6(0.1502) S8(0.1174) S9(0.1161) S7(0.1087) Xining S3(0.2209) S6(0.1475) S9(0.1119) S8(0.1101) S7(0.1066)
Kunming S3(0.2205) S6(0.1468) S9(0.1156) S8(0.1153) S7(0.1093) Yantai S3(0.2208) S6(0.1449) S9(0.1145) S8(0.1127) S7(0.1063)
Lanzhou S3(0.2185) S6(0.1460) S8(0.1127) S9(0.1124) S7(0.1062) Yinchuan S3(0.2158) S6(0.1452) S9(0.1109) S8(0.1104) S7(0.1037)

Lianyungang S3(0.2228) S6(0.1463) S8(0.1154) S9(0.1144) S7(0.1063) Zhanjiang S3(0.2186) S6(0.1479) S8(0.1160) S9(0.1141) S7(0.1066)
Luoyang S3(0.2256) S6(0.1476) S9(0.1155) S7(0.1091) S8(0.1090) Zhangzhou S3(0.2170) S6(0.1607) S8(0.1276) S9(0.1243) S7(0.0928)

Nanchang S3(0.2197) S6(0.1414) S8(0.1144) S9(0.1127) S7(0.1021) Changchun S3(0.2212) S6(0.1451) S8(0.1169) S9(0.1138) S7(0.1083)
Nanjing S3(0.2353) S6(0.1309) S9(0.1195) S8(0.1105) S7(0.0910) Changsha S3(0.2199) S6(0.1411) S8(0.1161) S9(0.1139) S7(0.1072)
Nanning S3(0.2234) S6(0.1480) S8(0.1182) S9(0.1152) S7(0.1075) Zhengzhou S3(0.2245) S6(0.1372) S9(0.1125) S8(0.1052) S7(0.1018)
Nantong S3(0.2227) S6(0.1473) S9(0.1146) S8(0.1121) S7(0.1010) Zhongshan S3(0.2103) S6(0.1413) S9(0.1162) S8(0.1085) S7(0.0838)
Ningbo S3(0.2278) S6(0.1412) S9(0.1183) S7(0.1041) S8(0.1034) Chongqing S3(0.2342) S6(0.1650) S9(0.1272) S8(0.1252) S7(0.1181)

Qinhuangdao S3(0.2261) S6(0.1479) S8(0.1115) S7(0.1084) S9(0.1077) Zhuhai S3(0.1987) S6(0.1454) S9(0.1276) S8(0.1150) S7(0.1060)
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4. Discussion
4.1. Internal Logic of Spatiotemporal Evolution of TEV

The tourism industry is highly sensitive due to location variability, complexity, and
comprehensiveness. Under the influence of various factors, such as economy, society, and
nature, TEV has formed significant regional differences [43]. During the study period,
the cities with high TEV values are mainly distributed in the eastern region of China,
with Shanghai, Shenzhen, Zhuhai, and other economically developed cities as typical
representatives. These cities are located in the center of China’s economy, with convenient
transportation and frequent business and trade exchanges at home and abroad. Owing to
the high proportion of the regional tourism industries scale and a large number of inbound
tourists, the regional tourism economy faces a higher risk of external impact, to some
extent; thus, presenting strong vulnerabilities [44].

The cities with low TEV in China are widely distributed in the northeast, central, and
western regions, and they are characterized by a contiguous distribution. First, Harbin, Jilin,
and Changchun in northeast China are important old industrial bases. In recent years, the
development speed of tourism has been slow compared with that of other regional central
cities with developed tertiary industries. In addition, due to the remote geographical
location, fewer long-distance tourists, weak ability to earn foreign exchange in tourism,
and low dependence on the tourism industry, the cities show a low TEV [36]. Second, cities
such as Urumqi, Yinchuan, and Lanzhou are located in the underdeveloped areas in the
west of China; thus, the level of social and economic development is relatively weak. In
addition, the status of the local tourism industry is not outstanding, and tourism visibility
and attraction are not high. As a result, the development level of the tourism industry is
low, the industrial correlation is not strong, and the tourism economy is weak [23]. Finally,
due to the geographical location, ecological environment, and socioeconomic characteristics
of the central Chinese cities, the multiplier effect and ripple effect of the tourism industry
are relatively weak, and they do not occupy a dominant position in the economic structure
so they exhibit low TEV levels. The above analysis shows that the vulnerability of China’s
tourism economy generally still follows the distribution characteristics dominated by the
economy, which echoes the previous research conclusions to a certain extent [23].

Overall, During the period from 2004 to 2011, the TEV of most tourism cities showed
a decreasing trend year by year. At this stage, the tourism industry has not yet formed a
perfect system, the growth of the tourism market is flat, and the tourism economy has not
formed enough scale to cause strong economic sensitivity. Moreover, the tourism incentive
policy accelerates the influx of tourism enterprises and the construction of tourism facilities,
which makes the growth rate of regional tourism economic strain capacity higher than the
sensitivity of the tourism economy [45]. During the period from 2012 to 2019, the TEV of
most tourism cities showed a slight upward trend, which is closely related to the imbalance
of industrial structure caused by the rapid growth of the tourism industry and the external
dependence caused by international tourism income.

4.2. Obstacle Factors Affecting TEV

On the basis of the obstacle diagnosis model, this study measures the obstacle factors
that affect TEV. The results show that the proportion of international tourists out of total
tourists is the most influential factor, which is mainly due to the many unstable factors
in the international environment, such as natural disasters, economic crisis, and social
unrest. A series of factors may have a strong impact on inbound tourism and impact
the whole tourism economic system [46,47]. Tourism output value density is the second
major factor affecting TEV. According to Sun, due to the high sensitivity and low resistance
of the tourism economic system to internal and external environmental disturbances,
compared with other industries, it is very easy to lose the original structure, state, and
functional attributes of the tourism economic system in internal and external environmental
disturbances, thus leading to a fluctuating and unstable state [48]. The high density of the
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tourism industry in the local area will magnify this inherent defect to a certain extent [49].
In addition, urban-industrial sulfur dioxide emissions per unit area, urban industrial smoke
and dust emission per unit area, and discharge of urban industrial wastewater per unit
area of the three environmental factors have a great impact on TEV. This reflects that
the development of the tourism industry has higher requirements for the local ecological
environment, which is consistent with the views of Fei et al. [50]. At the same time, it also
highlights the characteristics of the tourism economy as an ”eco-socioeconomic” composite
system [51]. The three are interdependent, adapt to each other, and penetrate, blend, and
interact in their development [52]. How to realize the coordinated development of ecology,
culture, and economy is a subject to be discussed in the future.

4.3. Trend Prediction of TEV

The prediction accuracy of the BP neural network model established in this study is
more than 95%. Therefore, the prediction method proposed in this study is applicable to
the development analysis of China’s urban TEV and can provide an important theoretical
basis for the development and decision-making of the tourism industry. According to the
evolution trend, TEV values in China’s major tourist cities will continue to show an increas-
ing trend in the next 10 years. However, the rise of the TEV will obviously bring many
adverse effects, so how to reasonably regulate TEV to achieve sustainable development of
the tourism economy is an urgent issue to be discussed at present. For some scholars, TEV
is accumulated by two forms of environmental stress: endogenous and exogenous [22].
The endogenous vulnerability factors are formed by the activities of the tourism economic
system, including the irrationality of the internal structure of the tourism market structure,
tourism income structure, tourism organization structure, tourism investment structure,
and tourism product structure. Exogenous environmental stress is the abrupt change and
gradual change of external environmental factors of the tourism economic system, such
as the political environment, economic environment, natural environment, and tourism
industry policy. This understanding means that to reduce TEV, we need to start from two
aspects of internal structure optimization and external policy regulation.

5. Conclusions

At present, the rapid development of China’s tourism industry plays an evident role
in promoting economic and social development. However, due to the inherent nature of
the tourism industry, it is vulnerable to the impact of the internal and external environment.
Therefore, promoting the sustainable development of the regional tourism economy is an
objective requirement to evaluate and forecast the TEV in major tourist cities. Using panel
data from 2004 to 2019, a comprehensive evaluation index system for TEV was constructed
in this study, which used 58 major tourist cities in China as the research objects. The
TEV was reasonably measured by using entropy weight method, TOPSIS model, obstacle
diagnosis model, and BP neural network model. Finally, the spatiotemporal pattern,
obstacle factors, and future trend of TEV were discussed.

The contributions of this study to the literature are as follows. Limited by the difficulty
of obtaining statistical data, existing studies mostly compare the state of TEV in different
cities from a horizontal perspective, and there is a lack of studies on the evolution process
and mechanism of TEV in different cities from a vertical perspective [36]. In this study,
panel data of a longer time scale were used to predict the evolutionary trend of TEV in
the future, which can provide scientific reference for different tourism cities to formulate
targeted tourism economic development policies. In addition, prediction is the basis of
decision-making, but the traditional statistical methods have a strong assumption of the
data distribution law, so the problem of random interference in the economic system has not
been addressed [53]. In the prediction of the TEV, the existing time series analysis method
can only reflect the linear law with a strong tendency and cannot describe the nonlinear
characteristics. In this study, BP neural network was used to build a prediction model,
which can excavate and predict the regularity of time series indicators. The application of
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this method not only enriches the research system of vulnerability methods but also has
reference significance for other fields.

The findings of this study have several practical implications for the development
of the urban tourism economy. First, in terms of the spatiotemporal pattern of evolution,
cities with high TEV are mostly distributed in the eastern coastal urban agglomerations of
China, while cities with low TEV are scattered in the northeastern, central, and western
regions of China. This is the result of tourism industry dependence and is closely related
to location, economy, nature, and other factors. Therefore, promoting the coordination of
urban infrastructure, industrial structure, and the ecological environment should become
an important measure of urban construction. Second, this study found that the five obstacle
factors that have the greatest impact on the vulnerability of the urban tourism economy
are the proportion of international tourists out of total tourists, tourism output density,
urban industrial sulfur dioxide emissions per unit area, urban industrial smoke and dust
emission per unit area, and discharge of urban industrial wastewater per unit area. This
shows that accelerating the adjustment of economic structure and the transformation of
economic mode [54], as well as the purification and discharge of waste gas, centralized
treatment of hazardous waste and wastewater, and the improvement of tourists’ awareness
of environmental protection, should become key issues to reduce TEV. Third, in the next
10 years, TEV of major tourist cities in China will increase, which is the result of the
accumulation of endogenous structure and the stress of the exogenous environment. In
order to effectively reduce the vulnerability of tourism economic development, we can
adjust the orientation of the tourism industry development, highlight the driving effect of
tourism association, and build a multi-pillar industry system.

Although this study measured and analyzed the spatiotemporal evolution, obstacle
factors, and future trends of the TEV of China’s major tourist cities, it has limitations. The
index system of this research is constructed on the basis of the general characteristics of all
typical tourist cities in the dataset. However, due to the large area of China, cities in different
regions in the natural environment, and social-cultural differences, the index system will
ignore the heterogeneity between different cities, leading to uncertain factors. Future
research may construct an inter-city differentiated index evaluation system according to
the unique properties of each city. Such an evaluation system may make the measurement
results more accurate. In addition, on the basis of the BP neural network, this study
prefigured the time series evolution of the future TEV of China’s major tourist cities well.
The overall model shows high precision, but some cases show a poor-fitting effect. Scholars
point out that combination-prediction is better than single prediction [55]. Therefore,
building a variety of prediction models for comparison, such as a GM (1,1) prediction
model, linear regression prediction model, and time series prediction model supplemented
by the BP neural network model to make decisions, presents a promising direction for
future research.
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Appendix A

Table A1. Data sources for each case city.

City Data Source City Data Source

Beihai CCSY 2005–2020; Beihai SY 2005–2020; Beihai
SCNESD 2004–2019; YCTS 2005–2018 Qingdao CCSY 2005–2020; Qingdao SY 2005–2020;

Qingdao SCNESD 2004–2019; YCTS 2005–2018

Beijing CCSY 2005–2020; Beijing SY 2005–2020; Beijing
SCNESD 2004–2019; YCTS 2005–2018 Quanzhou CCSY 2005–2020; Quanzhou SY 2005–2020;

Quanzhou SCNESD 2004–2019; YCTS 2005–2018

Chengdu CCSY 2005–2020; Chengdu SY 2005–2020;
Chengdu SCNESD 2004–2019; YCTS 2005–2018 Sanya CCSY 2005–2020; Sanya SY 2005–2020; Sanya

SCNESD 2004–2019; YCTS 2005–2018

Chengde CCSY 2005–2020; Chengde SY 2005–2020;
Chengde SCNESD 2004–2019; YCTS 2005–2018 Xiamen CCSY 2005–2020; Xiamen SY 2005–2020; Xiamen

SCNESD 2004–2019; YCTS 2005–2018

Dalian CCSY 2005–2020; Dalian SY 2005–2020; Dalian
SCNESD 2004–2019; YCTS 2005–2018 Shantou CCSY 2005–2020; Shantou SY 2005–2020; Shantou

SCNESD 2004–2019; YCTS 2005–2018

Datong CCSY 2005–2020; Datong SY 2005–2020; Datong
SCNESD 2004–2019; YCTS 2005–2018 Shanghai CCSY 2005–2020; Shanghai SY 2005–2020;

Shanghai SCNESD 2004–2019; YCTS 2005–2018

Fuzhou CCSY 2005–2020; Fuzhou SY 2005–2020; Fuzhou
SCNESD 2004–2019; YCTS 2005–2018 Shenyang CCSY 2005–2020; Shenyang SY 2005–2020;

Shenyang SCNESD 2004–2019; YCTS 2005–2018

Guangzhou CCSY 2005–2020; Guangzhou SY 2005–2020;
Guangzhou SCNESD 2004–2019; YCTS 2005–2018 Shenzhen CCSY 2005–2020; Shenzhen SY 2005–2020;

Shenzhen SCNESD 2004–2019; YCTS 2005–2018

Guiyang CCSY 2005–2020; Guiyang SY 2005–2020;
Guiyang SCNESD 2004–2019; YCTS 2005–2018 Shijiazhuang

CCSY 2005–2020; Shijiazhuang SY 2005–2020;
Shijiazhuang SCNESD 2004–2019; YCTS

2005–2018

Guilin CCSY 2005–2020; Guilin SY 2005–2020; Guilin
SCNESD 2004–2019; YCTS 2005–2018 Suzhou CCSY 2005–2020; Suzhou SY 2005–2020; Suzhou

SCNESD 2004–2019; YCTS 2005–2018

Harbin CCSY 2005–2020; Harbin SY 2005–2020; Harbin
SCNESD 2004–2019; YCTS 2005–2018 Taiyuan CCSY 2005–2020; Taiyuan SY 2005–2020; Taiyuan

SCNESD 2004–2019; YCTS 2005–2018

Haikou CCSY 2005–2020; Haikou SY 2005–2020; Haikou
SCNESD 2004–2019; YCTS 2005–2018 Tianjin CCSY 2005–2020; Tianjin SY 2005–2020; Tianjin

SCNESD 2004–2019; YCTS 2005–2018

Hangzhou CCSY 2005–2020; Hangzhou SY 2005–2020;
Hangzhou SCNESD 2004–2019; YCTS 2005–2018 Weihai CCSY 2005–2020; Weihai SY 2005–2020; Weihai

SCNESD 2004–2019; YCTS 2005–2018

Hefei CCSY 2005–2020; Hefei SY 2005–2020; Hefei
SCNESD 2004–2019; YCTS 2005–2018 Wenzhou CCSY 2005–2020; Wenzhou SY 2005–2020;

Wenzhou SCNESD 2004–2019; YCTS 2005–2018

Hohhot CCSY 2005–2020; Hohhot SY 2005–2020; Hohhot
SCNESD 2004–2019; YCTS 2005–2018 Urumqi CCSY 2005–2020; Urumqi SY 2005–2020; Urumqi

SCNESD 2004–2019; YCTS 2005–2018

Huangshan CCSY 2005–2020; Huangshan SY 2005–2020;
Huangshan SCNESD 2004–2019; YCTS 2005–2018 Wuxi CCSY 2005–2020; Wuxi SY 2005–2020; Wuxi

SCNESD 2004–2019; YCTS 2005–2018

Jilin CCSY 2005–2020; Jilin SY 2005–2020; Jilin
SCNESD 2004–2019; YCTS 2005–2018 Wuhan CCSY 2005–2020; Wuhan SY 2005–2020; Wuhan

SCNESD 2004–2019; YCTS 2005–2018

Jinan CCSY 2005–2020; Jinan SY 2005–2020; Jinan
SCNESD 2004–2019; YCTS 2005–2018 Xi’an CCSY 2005–2020; Xi’an SY 2005–2020; Xi’an

SCNESD 2004–2019; YCTS 2005–2018

Jiujiang CCSY 2005–2020; Jiujiang SY 2005–2020; Jiujiang
SCNESD 2004–2019; YCTS 2005–2018 Xining CCSY 2005–2020; Xining SY 2005–2020; Xining

SCNESD 2004–2019; YCTS 2005–2018

Kunming CCSY 2005–2020; Kunming SY 2005–2020;
Kunming SCNESD 2004–2019; YCTS 2005–2018 Yantai CCSY 2005–2020; Yantai SY 2005–2020; Yantai

SCNESD 2004–2019; YCTS 2005–2018

Lanzhou CCSY 2005–2020; Lanzhou SY 2005–2020;
Lanzhou SCNESD 2004–2019; YCTS 2005–2018 Yinchuan CCSY 2005–2020; Yinchuan SY 2005–2020;

Yinchuan SCNESD 2004–2019; YCTS 2005–2018

Lianyungang
CCSY 2005–2020; Lianyungang SY 2005–2020;

Lianyungang SCNESD 2004–2019; YCTS
2005–2018

Zhanjiang CCSY 2005–2020; Zhanjiang SY 2005–2020;
Zhanjiang SCNESD 2004–2019; YCTS 2005–2018

Luoyang CCSY 2005–2020; Luoyang SY 2005–2020;
Luoyang SCNESD 2004–2019; YCTS 2005–2018 Zhangzhou CCSY 2005–2020; Zhangzhou SY 2005–2020;

Zhangzhou SCNESD 2004–2019; YCTS 2005–2018

Nanchang CCSY 2005–2020; Nanchang SY 2005–2020;
Nanchang SCNESD 2004–2019; YCTS 2005–2018 Changchun CCSY 2005–2020; Changchun SY 2005–2020;

Changchun SCNESD 2004–2019; YCTS 2005–2018

Nanjing CCSY 2005–2020; Nanjing SY 2005–2020; Nanjing
SCNESD 2004–2019; YCTS 2005–2018 Changsha CCSY 2005–2020; Changsha SY 2005–2020;

Changsha SCNESD 2004–2019; YCTS 2005–2018

Nanning CCSY 2005–2020; Nanning SY 2005–2020;
Nanning SCNESD 2004–2019; YCTS 2005–2018 Zhengzhou CCSY 2005–2020; Zhengzhou SY 2005–2020;

Zhengzhou SCNESD 2004–2019; YCTS 2005–2018

Nantong CCSY 2005–2020; Nantong SY 2005–2020;
Nantong SCNESD 2004–2019; YCTS 2005–2018 zhongshan CCSY 2005–2020; zhongshan SY 2005–2020;

zhongshan SCNESD 2004–2019; YCTS 2005–2018

Ningbo CCSY 2005–2020; Ningbo SY 2005–2020; Ningbo
SCNESD 2004–2019; YCTS 2005–2018 Chongqing CCSY 2005–2020; Chongqing SY 2005–2020;

Chongqing SCNESD 2004–2019; YCTS 2005–2018

Qinhuangdao
CCSY 2005–2020; Qinhuangdao SY 2005–2020;

Qinhuangdao SCNESD 2004–2019; YCTS
2005–2018

Zhuhai CCSY 2005–2020; Zhuhai SY 2005–2020; Zhuhai
SCNESD 2004–2019; YCTS 2005–2018
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