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Abstract A significant industrial transformation
in China’s tourism sector is currently taking place in
response to carbon peak and carbon neutrality tar-
gets. This paper applies the data envelopment analysis
(DEA) model to calculate the efficiency of the tour-
ism industry under carbon emission constraints and
further investigates its influencing factors through
the Tobit regression. The results are as follows: (1)
The tourism efficiency under carbon emission con-
straints of China from 2000 to 2019 showed a trend
of first rising and then declining, and there were obvi-
ous regional differences; (2) from 2000 to 2019, the
total factor productivity of tourism in China increased
significantly, while the contributions of technical pro-
gress, pure technical efficiency, and scale efficiency
decreased sequentially; (3) the factors of industrial
structure, transportation convenience, economic
development level, degree of opening to the outside
world, and the level of scientific and technologi-
cal development have varying degrees of influence
on tourism efficiency. Based on the analysis results,
this paper puts forward several policy suggestions on
tourism efficiency and low-carbon development. The
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findings of this paper have some bearing on develop-
ing nations’ efforts to boost tourism efficiency and
realize high-quality industry growth within the frame-
work of sustainable development.
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Abbreviations

CE Comprehensive efficiency

CRS  Constant returns to scale

DEA  Data envelopment analysis

DMU Decision-making unit

DOW Degree of opening to the outside world
DTC  Degree of transportation convenience

IS Industrial structure

LE Level of economic development

LST  Level of scientific and technological
development

MI Malmquist index

SE Scale efficiency

TE Technical efficiency
TFP  Total factor productivity
VRS  Variable returns to scale

Introduction
Climate change has become one of the most severe envi-

ronmental problems in the world (Parmesan & Yohe,
2003). In 2020, the Chinese president announced China’s
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“carbon peaking and carbon neutrality goals” at the 75th
United Nations General Assembly in an effort to address
the environmental crisis caused by climate change and
achieve high-quality development. The “carbon peak-
ing and carbon neutrality goals” means reaching carbon
neutrality by 2060 after reaching the carbon peak by
2030. The Ministry of Culture and Tourism of China
reported that the comprehensive contribution of tourism
to GDP in 2019 was 10.94 trillion RMB or 11.05% of
total GDP and that it directly and indirectly employed
79.87 million people or 10.31% of the nation’s working
population (Yang, 2020a, b). Tourism has become one
of the cornerstones of the Chinese economy. At the same
time, the results of the estimation of the global tourism
carbon emissions by the World Tourism Organization in
2005 showed that the greenhouse gas emissions caused
by tourism in 2005 accounted for 4.9% of the global total
emissions, and by 2035, CO2 emissions will more than
double (UNWTO & UNEP, 2007). A report published
by the UNWTO mentioned that transport-related emis-
sions from tourism had reached 5% in 2016 (UNWTO,
2019). If the entire tourism industry is considered, the
value must be higher. Therefore, it is of great practical
significance to improve the low-carbon efficiency of
tourism and promote its development by studying tour-
ism efficiency under carbon emission constraints based
on the background of the “carbon peaking and carbon
neutrality goals”.

The researchers tried to use various methods for stud-
ying tourism efficiency. For example, based on the build-
ing of indicators to assess the quality and efficiency of
tourism development, Yang (2020a, b) tested the impact
of the Internet on the quality and efficiency of Chinese
tourism development using provincial panel data and
various related measurement methods. Guo et al. (2022)
developed an evaluation framework to identify macro-
external determinants affecting tourism eco-efficiency
based on the geographical detector model. From the
literature review, due to the advantages of data envelop-
ment analysis (DEA) compared with other methods, an
increasing number of researchers tend to use this method
to analyze tourism efficiency (Assaf & Josiassen, 2015).
Fragoudaki and Giokas (2016) estimated the efficiency
scores of 38 Greek airports using the DEA method and
then used statistical evaluations (Mann—Whitney U and
Kruskal-Wallis tests) and censored Tobit regression
models to identify which factors significantly explain
variations in the airport efficiency. Li et al. (2020) used
DEA to analyze the non-linear relationship between
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the intensity of tourism economic linkages and the effi-
ciency of the tourism industry in urban agglomeration
on the west side of the straits by constructing a mixed
effect model. Wang et al. (2020) used DEA and social
network analysis to explore the evolution characteristics
of the spatial network structure of tourism efficiency in
China at the provincial level from 2011 to 2016. Yuan
and Liu (2020) used the DEA and the Malmquist mod-
els to measure the tourism livelihood efficiency of 21
cities in Guangdong Province from 2010 to 2017. Based
on the Epsilon-based measure super-efficiency model
and the global Malmquist-Luenberger index analysis
method, Li et al. (2021) studied the tourism development
efficiency of 58 major cities in China from 2001 to 2016
and analyzed the total factor productivity (TFP) and its
driving factors in urban tourism development. And some
researchers have also used the DEA model to estimate
the efficiency of low-carbon tourism. Han et al. (2015)
measured the carbon emissions of the tourism industry
in five provinces in China and then used the traditional
DEA model and the unexpected output DEA model to
evaluate the efficiency of the tourism industry in five
provinces in China, considering carbon emission indi-
cators. Zha (2016) used the logarithmic average weight
Divisia decomposition method to decompose the car-
bon emissions intensity of the tourism industry based
on measuring the development efficiency of low-carbon
tourism in China with reference to the DEA-SBM direc-
tional distance function. Zha et al. (2019) used the SBM
undesirable model to measure and analyze the develop-
ment efficiency and dynamic fluctuations of the low-
carbon tourism economy in 17 cities of Hubei Province
from 2007 to 2013. Wang and Wang (2021) calculated
the total tourism carbon emissions in the Yangtze River
Economic Belt from 2011 to 2017 and used the tradi-
tional DEA model and the non-radial SBM model to
analyze the influence degree of carbon emissions on the
efficiency of the tourism industry.

The Tobit model has received increasing attention
in studies on factors influencing efficiency. Exam-
ples include the water resource system (Liang et al.,
2021), coal resources (Xue et al., 2021), sustainable
development level (Huang et al., 2021), and safety
management (Miao et al., 2020). The Tobit model can
also be used to analyze factors that influence the effi-
ciency of the tourism industry. Choi et al. (2021) used
the Tobit model to analyze the determinants of the
efficiency change of Korean festival tourism. Jiang
et al. (2022) estimated the tourism carbon dioxide
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emission efficiency of each province in China based
on the Epsilon-based measure and verified the tour-
ism carbon dioxide emission efficiency impactors by
the Tobit model.

Current literature suggests that the study of
tourism efficiency using the DEA-Tobit model is
extensive. For example, Liu et al. (2017) applied
the DEA-Tobit model to evaluate the tourism eco-
efficiency of 53 coastal cities in China from 2003
to 2013 and discussed the comprehensive efficiency
levels, regional differences, eco-efficiency types,
and influencing factors. In the study by Song and Li
(2019), a panel Tobit model is used to analyze the
determinants of comprehensive technical efficiency
of the tourism industry. However, there have been
few studies on the efficiency of tourism under car-
bon emission constraints. Related results are still
relatively scarce, although scholars have started to
use different methods to analyze tourism efficiency
under carbon constraints in terms of tourism carbon
emissions measurement, tourism efficiency assess-
ment, and impact factor analysis.

This paper uses the DEA model and Tobit regres-
sion to study tourism efficiency and its influencing
factors under carbon emission constraints to provide
more theoretical support for developing the tourism
industry against the backdrop of “carbon peaking
and carbon neutrality goals” and sustainable devel-
opment. This study makes the two following con-
tributions to the field of research on tourism effi-
ciency under carbon emission constraints: (1) This
study collects basic data to complete the calculation
of carbon emissions in the tourism industry, the
measurement of tourism efficiency under carbon
emission constraints, and the analysis of influenc-
ing factors, ensuring the consistency of the research
and avoiding the inaccuracy of the efficiency meas-
urement results that may be caused by inconsistent
data sources. (2) More comprehensive and accurate
measurement results are the premise of effectively
identifying the influencing factors of tourism effi-
ciency. The dataset for this study includes data from
a total of 20 years, from 2000 to 2019, enhancing
the continuity and accuracy of the research find-
ings and offering a solid foundation for monitor-
ing and assessing the change in tourism efficiency.
The remaining chapters are structured as follows:
"Material and methods" introduces the research
methods and data processing; "Results" describes the

research results; "Discussion” presents a discussion of
the results; and "Conclusion" presents the conclusions.

Material and methods
DEA model

DEA is a non-parametric method to measure and
evaluate the relative performance of decision-making
units (DMUs) proposed by Charnes et al. (1978)
based on Farrell’s theory of efficiency measurement.
Analyzing efficiency in the case of multiple inputs
and outputs is appropriate. Based on the BCC model
of the variable returns to scale (VRS), this paper
measures the comprehensive efficiency (CE) of Chi-
na’s tourism industry under carbon emission con-
straints, as well as the technical efficiency (TE) and
scale efficiency (SE) obtained by decomposition
(Banker et al., 1984). Based on the calculations, a
static analysis of the horizontal comparison of the 31
provincial administrative regions has been con-
ducted. When calculating the efficiency of the tour-
ism industry under carbon emission constraints, it is
necessary to process the undesirable output data of
carbon emissions, mainly as input, vector transfer,
conversion reciprocal, and other methods (Wu & Wu,
2009). This paper has chosen the second method. By
multiplying each undesirable output by “—17, a suit-
able translation vector M is found (the value of M in
this paper is 2000), which is turned into a positive
indicator (Seiford & Zhu, 2002). Assuming that the
number of DMUS is n, the types of resource input X,
output YV, and unexpected output Z; of each DMU are
m, u, and k, respectively, and Z,/j: —Zj+M, and then,
the DEA-BBC model formula is as follows:

-
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where 6, is the effective value of the DMUj, w; is the
coefficient of the effective DMU combination recon-
structed relative to DMU;, and S7, St+, and S:f are
slack variables.

Malmquist model

This study uses the Malmquist index (MI) model to
analyze the dynamic changes of tourism TFP under
carbon emissions constraints in 31 provincial-level
administrative regions from 2000 to 2019. The MI
is a concept proposed by Swedish economist Profes-
sor Malmquist in 1953. When the data of the evalu-
ated DMU is panel data consisting of a series of
observations at different time points, the method
can pinpoint changes in productivity and the role of
technical efficiency and technological progress. The
MI model calculates the productivity change from
1 year to the next to obtain the TFP index and then
makes a dynamic analysis of TFP. This method has
been widely used in the study of tourism TFP (Sun
et al., 2015). In the past, there was disagreement on
the decomposition of MI, and the method of Ray and
Desli was gradually accepted (Fare et al., 1994, 1997;
Ray & Desli, 1997; Zhang & Gui, 2008). The decom-
position formula is as follows:

1
Di—]l— (xt+l’yt+l)

represent pure TE change, technical progress change,
and SE change, respectively. PEch> 1 means that
the improvement of management has improved effi-
ciency, TPch>1 means technical progress, and
SEch> 1 means that the DMU is moving towards the
most efficient excellent size close.

Tobit regression analysis of influencing factors

The Tobit model was proposed by the American
economist Tobin in 1958, and it is more suitable
for intercepted regression analysis (Tobin, 1958).
Using Tobit can avoid the bias and inconsistency of
using the ordinary least squares when the depend-
ent variable is a cut-off value or a fragmented value.
The numerical values of CE, TE, and SE of the
tourism industry calculated by the DEA model are
between 0 and 1, and the regression based on them
belongs to the regression analysis model with lim-
ited dependent variables. Therefore, the maximum
likelihood method should be used to better avoid
the biased or inconsistent parameter estimation that
may be caused by the ordinary least squares method
(Li et al., 2019). This section analyzes the factors
that affect tourism efficiency using the Tobit model

M(}Cl,yt,xt+1,yt+1) - X <

Dy (', ")

1/2
D{,(xt,y’) D;(xt“,y’“) /
Di;“l(x’,y’) D</+1(xt+1’yt+1)

(Dtc(xtﬂ,yt+1)/D§/(Xt+1,yt+l) DIC+1(Xt+1’yl+1)/D§}i—1(Xt+l’yl+l)>l/2 2

DL(x',y")/Dy (x', y")
X PEch x TPch x SEch

D (x, y)/Dy (x, yh)

where DI.(x',y") and D/, (x’“,y’“) refer to the dis-
tance functions of DMUs in period ¢ and period
t+1 based on the constant returns to scale (CRS)
with reference to the data in period #; Dy (x',y") and
D\ (x"*!,y"*!) refer to the distance functions of
DMUs in period t and period ¢+ 1 based on the VRS
with reference to the data in period 7. The meanings
of D‘CJrl (x',y') and D‘\;’l(x‘,yt) are similar. When M
is greater than 1, it indicates an increase in TFP from
period ¢ to period ¢+ 1, and when M is less than 1,
it indicates a decrease in TFP. PEch, TPch, and SEch
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based on maximum likelihood estimation and builds
the Tobit regression model of the five influencing
factors: IS (&), DTC (&), LE (&;), DOW (&),
and LSC (Xj) (Table 2). These five influencing
factors are related to tourism CE, TE, and SE. The
effect of heteroscedasticity is removed for &, A7,
and X, by taking the logarithm. And the specific
models are as follows:

Yee =2, + Beg1 X1 + Bz In X, + Pegs In A5

3)
+ Bega In Xy + Beps Vs + Hog;



Environ Monit Assess (2023) 195:1093

Page 50f 17 1093

Ve =25+ Pre1 Xy + Prez In X + Prps In A5

4)
+ Brea In Xy + PresXs + prg;

Yse =25+ Bsg1 A + Bspa In X, + Pgps In A5

S)
+ Bspa In Xy + Bsps Xs + pigg

where ) is the dependent variable; V., Vrg, and Vg
represent the CE, TE, and SE of the tourism industry,
respectively; Z is the constant term of the regression
equation; P is the regression coefficient under the cor-
responding efficiency of each variable;; is the num-
ber of decision units; and i is the residual.

Calculation of carbon emissions from the tourism
industry

Based on past research ideas, this paper measures the
carbon emissions of the Chinese tourism industry (Tang
et al., 2018). The steps of the computation are as follows.

n

QT:Za'Ni'Di'PTi (6)
i=1
1 44
= . eR, eP,, o P o —— o —
n
QA=ZM°(D[°PA1 ®
i=1
Q=Qr+Qu+Q4 9

In Eq. (6), Q7 is the carbon emissions of tourism
transportation; « is the proportion of tourists in the
passenger flow of different transportation modes; N;
is the number of passengers who choose the i-type
transportation mode; D; is the distance of the pas-
sengers who choose the i-type transportation mode;
N; « D; represents the passenger turnover (passenger
kilometers, pkm) of the i-type transportation mode;
Py, is the carbon emissions coefficient (g/pkm) of
the i-type transportation mode; n represents the total
number of transport modes, including aircraft, cars,
trains, and water transport. In Eq. (7), Qy is the car-
bon emissions of tourist accommodation; C is the
total reception capacity of the tourist accommodation
industry (represented by the total number of beds);
R, is the annual bed occupancy rate of the tourist

accommodation industry; Py, is the unit energy con-
sumption factor of the bed per night; Py, is the car-
bon content per unit of calorific value; 171000 is the
unit conversion factor; 44/12 is the conversion factor
from C to CO2. In Eq. (8), Q, is the carbon emissions
of tourism activities; M is the number of tourists; w; is
the proportion of tourists who choose the i-type tour-
ism activities; P,; is the unit carbon emissions coef-
ficient of the i-th type of tourism activities. In Eq. (9),
Q represents the total carbon emissions of tourism; O
is the carbon emissions from tourism transport; Qy, is
the carbon emissions from tourist accommodation;
Q, is the carbon emissions from tourism activities.

Indicator selection
Selection of tourism efficiency evaluation indicators

In related DEA model studies, indicators such as land,
labor, and capital were usually selected as input vari-
ables, and indicators such as economic, social, and
environmental benefits were selected as output vari-
ables (Song et al., 2012). As a comprehensive indus-
try, the production capacity of the tourism industry is
not restricted by the amount of land, so the land factor
is not used as an input variable in this paper. Fixed
asset investment can better reflect the capital invest-
ment of an industry, so this study selects tourism-
related fixed asset investment in the tertiary industry
as the capital factor indicator. Due to the strong com-
prehensiveness of tourism, it is difficult to measure
the direct and indirect employment in the Chinese
tourism industry. This paper selects tourism employ-
ment numbers from tertiary industries as inputs to the
tourism labor factor. The total energy consumption of
tourism is selected as the input of energy elements to
reflect the level of input of relevant elements of the
tourism industry more comprehensively. In the selec-
tion of output indicators, the total tourism revenue
is considered as the expected output in this paper.
When measuring the efficiency of the tourism indus-
try under the constraint of carbon emissions, the total
carbon emissions of the tourism industry are added
to the measurement model. In summary, this paper
constructs a system of evaluation metrics for tour-
ism industry efficiency under carbon emission con-
straints, as shown in Table 1 (Gao et al., 2022; Jiang
et al., 2022; Wang et al., 2020).

@ Springer
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Table 1 Efficiency
evaluation index system of

Indicator categories

Specific indicators

the tourism industry under

— . Input indicators
carbon emission constraints

Labor input
Energy input

Output indicators

Undesired output

Capital investment

Expected output

Fixed asset investment in tourism

Number of employees in the tourism industry
Energy consumption in tourism

Total revenue in tourism

Carbon dioxide emissions in tourism

Determination of influencing factors

The research on factors affecting tourism efficiency
in China has gradually increased in recent years.
After sorting out and referring to relevant literature,
this paper selects the indicators shown in Table 2
from five aspects to analyze the influencing factors
of tourism efficiency (Gao et al., 2022; Jiang et al.,
2022; Liu et al., 2021; Wang & Wang, 2021). These
five aspects include industrial structure (IS), the
degree of transportation convenience (DTC), the level
of economic development (LE), the degree of open-
ing to the outside world (DOW), and the level of sci-
entific and technological development (LST).

1. Industrial structure. From the perspective of IS,
the proportion of an industry is an indicator that
directly reflects the importance of the industry to
the development of the local economy. Industries
with a large scale of output value or an increas-
ing proportion of output value can often get the
government’s attention and more capital or policy
support, thereby affecting industrial efficiency.
The impact of this situation on the input and out-
put of the industry is often in the same direction,
so to find out what kind of impact on industrial
efficiency needs data analysis. This paper uses
the proportion of GDP of the tertiary industry to
reflect the IS to verify the impacts of IS on the
efficiency of the tourism industry.

Table 2 Selection of influencing factors of tourism efficiency

2. The degree of transportation convenience.
Whether transportation is convenient or not
directly affects the tourist’s travel experience.
Decent transportation conditions can reduce the
time cost of tourists and attract more visitors to
tourist destinations. Within reasonable limits, it
has the potential to have a significant impact on
the size and efficiency of the tourism industry.
Therefore, it is also one of the essential factors
affecting the efficiency of the tourism industry
to be studied in this part. In this paper, the den-
sity of the road network is used to reflect the
convenience of transportation, and the influence
of DTC on the efficiency of the tourism industry
is explored.

3. The level of economic development. Tourism
development requires consumers to have suf-
ficient spending power and developers to have
sufficient funds for destination development. At
the same time, it also requires that the area where
the tourism destination is located has sufficient
financial support to invest in the construction of
service facilities. The level of local economic
development is somewhat correlated with the
points above. Without considering additional
variables, the input and output of the tourism
industry increase as LE increases, suggesting that
LE may significantly impact how efficiently the
industry operates. Therefore, to understand the
factors that affect the effectiveness of the tourism

Influencing factors Specific indicators Symbols
Industrial structure The proportion of GDP of the tertiary industry IS

The degree of transportation convenience The density of the road network DTC
The level of economic development Per capita GDP LE

The degree of opening to the outside world Foreign investment DOW
The level of scientific and technological development Energy consumption per 100 million yuan of tourism LST

revenue
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industry, LE is crucial. This study uses per capita
GDP as a particular indicator of LE.

4. The degree of opening to the outside world. On
the one hand, increasing DOW can increase the
scale and income of the tourism industry by
attracting additional tourists. On the other hand,
more foreign capital can be attracted to invest in
its construction, and foreign advanced technology
and even management experiences will be intro-
duced. DOW can affect the input and output of
the tourism industry from the above aspects and
then has an impact on the efficiency of the tour-
ism industry. Therefore, DOW is also an essential
aspect in analyzing the factors affecting the effi-
ciency of the tourism industry. This article uses
the amount of foreign investment to reflect DOW.

5. The level of scientific and technological develop-
ment. Improving technology is one of the basic
ways to improve industrial efficiency, so the level
of scientific and technological development will
also affect tourism development. Tourism is a
highly comprehensive industry, so when LST
increases the efficiency of some tourism-related
industries, the efficiency of tourism will also
increase. Energy-saving technologies are key to
improving energy efficiency in various industries
under carbon emissions constraints. However, the
quantitative criteria for LST are not clear. Con-
sidering that this paper studies tourism efficiency
under the constraint of carbon emissions, select-
ing the indicators related to tourism and energy
consumption is more appropriate. This paper uses
the energy consumption per 100 million yuan of
tourism revenue as a specific indicator to meas-
ure LST and analyzes its impact on the tourism
industry efficiency.

Data sources and processing
Data sources

The dataset of this study contains data related to
the tourism industry of 31 provincial administrative
regions in the mainland China from 2000 to 2019.
The data used to calculate the carbon emissions
from the tourism industry and tourism efficiency
come from the China Statistical Yearbook, the
China Energy Statistical Yearbook, the Yearbook of

China Tourism Statistics, the China Cultural Herit-
age and Tourism Statistical Yearbook, and statisti-
cal yearbooks of provincial administrative regions.
The data of fixed asset investment and the number
of employees in this study are a summary of the data
of three industries closely related to tourism: trans-
portation, wholesale and retail, and hotels. Relevant
data for it come from the Statistical Yearbook of the
Chinese Investment in Fixed Assets. In addition,
data on impact factors were obtained from the statis-
tical yearbooks of provincial administrative regions
and the corresponding national economic and social
development bulletin. Missing data are supple-
mented by the interpolation method.

Data processing and tests

This paper used the data envelopment analysis soft-
ware DEAP2.1 to calculate the DEA model and MI,
and Statal6 was used to complete the Tobit regres-
sion analysis. In the analysis of influencing factors,
logarithmic processing is adopted for the data cor-
responding to DTC, LE, and DOW to eliminate the
influence of heteroscedasticity. In order to avoid spu-
rious regression in data processing, the unit root test
is performed on the data to verify the stationarity of
the data before performing Tobit regression analysis.
Then, the cointegration test is performed to verify
whether there is a cointegration relationship between
the variables. The results of LLC and Fisher-ADF
unit root tests for each variable using Statal6.0 are
shown in Table 3. Each variable has passed two unit
root tests, indicating that each variable has a certain
degree of stationarity. Then, perform the Kao test,
Pedroni test, and Westerlund test for each variable,
and the results are shown in Table 4. The test results
performed well except for the Kao test. Therefore, it
is believed that there is a cointegration relationship
between the CE, TE, and SE of the tourism industry
and various influencing factors. So the regression
analysis can be further conducted.

Results
Tourism efficiency under carbon emission constraints

The CE of tourism under the carbon emissions con-
straints has only a relatively small fluctuation in other
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Table 3 Unit root test of tourism efficiency and influencing factors data

Yor Vi Vse & In &, In &3 In &, Xs
LLC —4.5733 —4.0806 —1.7228 —2.4523 —2.3879 —3.2008 —4.1399 —9.2729
0.0000 0.0000 0.0425 0.0071 0.0085 0.0007 0.0000 0.0000
Fisher-ADF 134.4528 156.4660 121.3231 206.7533 207.6458 120.4428 161.3447 325.0150
0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Conclusion Stationary Stationary Stationary Stationary Stationary Stationary Stationary ~ Stationary

years except for a relatively large increase in 2003. As
shown in Fig. 1, from 59.87% in 2003 to 62.79% in
2019, the total growth rate in 16 years is only 4.88%,
while there is still much room for improvement in CE.
And it is noteworthy that the CE of the tourism indus-
try in China has shown a downward trend since 2017.

From the perspective of spatial differences
(Table 5), 12 regions have a CE of tourism that exceeds
the national average. Among them, Tibet, Ningxia,
Tianjin, Beijing, and Shanghai rank in the top five.
And among the 19 regions whose CE of tourism is
lower than the national average, Hebei Province has
the lowest efficiency value, which is only 38.44%, and
the rest are above 40%.

The results of TE and SE are shown in Fig. 2 and
Table 6. As shown in Fig. 2, SE has been at a high
level overall from 2000 to 2019, but there is a down-
ward trend after 2016. TE rose overall between 2000
and 2016, with the largest increase in 2003. Since
2017, however, there has been a downward trend in

TE. Table 6 shows the average value of TE and the
average value of SE of the tourism industry from
2000 to 2019 in various regions. TE is relatively high
in Tibet (1.000), Ningxia (0.955), Tianjin (0.920),
and Beijing (0.902), with values more than 0.9. And
TE is relatively low in Henan (0.496), Hunan (0.488),
Gansu (0.470), Xinjiang (0.439), Shaanxi (0.436),
Hubei (0.421), Heilongjiang (0.409), and Hebei
(0.388), and values are less than 0.5. The SE of each
region is high, and only the values of Jiangsu (0.899),
Shandong (0.891), and Guangdong (0.707) are less
than 0.9.

Tourism TFP under carbon emission constraints

From Table 7, it can be found that from 2000 to 2019,
the MI of the tourism industry under the carbon emis-
sion constraints exceeded 1.0 in most cases, and the
MI of a few periods less than 1.0 also remained above
0.9. The average value of MI is 1.075, indicating that

Table 4 Cointegration test of three types of tourism efficiency and influencing factors data

Kao test Pedroni test Westerlund test Conclusion
Equation (3) —1.0726 0.1417 5.6066 0.0000 21.0245 0.0000 There is a cointegration relationship
—1.2237 0.1105 —4.6346 0.0000
—1.7433 0.0406 —4.3772 0.0000
—2.3262 0.0100
—1.9632 0.0248
Equation (4) —1.3994 0.0809 5.3555 0.0000 20.7252 0.0000 There is a cointegration relationship
—1.6938 0.0451 —5.4024 0.0000
—2.316 0.0103 —-5.0227 0.0000
—2.4013 0.0082
—2.2609 0.0119
Equation (5) 0.1863 0.4261 5.3592 0.0000 19.5464 0.0000 There is a cointegration relationship
0.6284 0.2649 —11.1409 0.0000
-2.2922 0.0109 —11.0724 0.0000
—-0.5997 0.2743
0.0533 0.4787
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Fig. 1 CE of the tourism
industry under carbon emis-
sion constraints
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the productivity of the tourism industry under carbon
emission constraints has grown at an average annual
rate of 7.5% from 2000 to 2019.

Figure 3 compares the dynamic changes of the
efficiency decomposition components of the tourism
industry under the constraints of carbon emissions.
The change in technical progress (TPch) and the pure
TE (PEch) performed better overall. The mean values
were 1.048 and 1.027, respectively. The change in SE
(SEch) was the most stable, with the index value con-
sistently staying between 0.95 and 1.05, but the over-
all mean was 0.998, which was less than 1.0. It shows
that technical progress significantly improves the
tourism TFP under emission constraints, and pure TE
also plays a positive role in promoting it. Although
the change of SE is not obvious, it generally limits the
improvements in the tourism TFP.

Table 5 Measured value of the average CE of tourism in 31 regions

5
D

T
& O
&S

T

o
"\QQ

14 14

Table 8 is the decomposition result and variation
coefficient of the MI of tourism industry efficiency
under carbon emission constraints in various regions.
There are 24 regions where the M1 is greater than 1.0,
indicating that the tourism TFP is increasing under
the constraints of carbon emissions in most regions.
Among them, the MI of 13 regions, including Liaon-
ing, Zhejiang, Yunnan, Hebei, Jiangsu, Sichuan,
Shandong, Fujian, Hunan, Inner Mongolia, Jiangxi,
Guangxi, and Henan, are all above 1.1, indicating that
the tourism industry under the carbon emission con-
straints in these regions has a TFP growing at more
than 10% a year. Seven regions, including Heilongji-
ang, Hainan, Gansu, Beijing, Tibet, Ningxia, and
Qinghai, had a MI of less than 1.0, indicating that the
tourism TFP under the carbon emissions constraints
in these regions has declined as a whole. From the

Beijing Tianjin Hebei Shanxi Inner Mongolia Liaoning Jilin Heilongjiang Shanghai
0.8973 0.9163 0.3844 0.7291 0.5987 0.7068 0.5850 0.4002 0.8483
Jiangsu Zhejiang Anhui Fujian Jiangxi Shandong Henan Hubei Hunan
0.7919 0.8292 0.5631 0.5865 0.5911 0.5834 0.4857 0.4157 0.4799
Guangdong Guangxi Hainan Chongqing Sichuan Guizhou Yunnan Tibet Shaanxi
0.5999 0.5577 0.6760 0.5145 0.5656 0.8046 0.6053 1.0000 0.4304
Gansu Qinghai Ningxia Xinjiang (Nationwide)

0.4610 0.7861 0.9528 0.4268 0.6378
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Fig. 2 The TE and SE of the tourism industry under carbon emission

results of the variation coefficient of each part after
the decomposition of the MI in each region, changes
in technical progress (TPch) are the main factors con-
tributing to changes in TFP in various regions. This
finding is consistent with the conclusion obtained
by analyzing the temporal variation characteristics
of the MI of the tourism industry. Therefore, atten-
tion should be paid to improving the technological
capabilities of regions with poor TFP growth in the

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019

—— Scale efficiency

constraints

tourism industry to promote the balanced develop-
ment of tourism in different regions.

Analysis of influencing factors of tourism efficiency
under carbon emission constraints

Using Statal6 to perform Tobit regression on the data
of the CE of the tourism industry and various influ-
encing factors, the results are shown in Table 9. From

Table 6 The TE and SE of tourism industry under carbon emission constraints in various regions

Beijing Tianjin Hebei Shanxi Inner Mongolia  Liaoning Jilin Heilongjiang ~ Shanghai
TE  0.902 0.920 0.388 0.732 0.601 0.738 0.588 0.409 0.864
SE  0.990 0.995 0.986 0.994 0.994 0.964 0.994 0.977 0.973
Jiangsu Zhejiang  Anhui Fujian Jiangxi Shandong  Henan Hubei Hunan
TE  0.887 0.871 0.573 0.590 0.600 0.674 0.496 0.421 0.488
SE  0.899 0.949 0.978 0.992 0.986 0.891 0.977 0.986 0.979
Guangdong  Guangxi  Hainan Chongging  Sichuan Guizhou Yunnan  Tibet Shaanxi
TE  0.890 0.566 0.713 0.522 0.616 0.808 0.618 1.000 0.436
SE  0.707 0.980 0.945 0.985 0.933 0.993 0.985 1.000 0.986
Gansu Qinghai Ningxia  Xinjiang (Nationwide)
TE 0470 0.788 0.955 0.439 0.663
SE  0.981 0.997 0.997 0.973 0.967
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Table 7 MI decomposition of the tourism industry from 2000
to 2019

TEch TPch PEch SEch MI
2000-2001 0.930 1.009 0.937 0.992 0.938
2001-2002 1.165 0.837 1.163 1.002 0.975
2002-2003 1.392 1.122 1.346 1.034 1.561
2003-2004 1.012 0.924 1.005 1.007 0.935
2004-2005 1.037 1.021 1.042 0.995 1.059
2005-2006 1.059 1.005 1.055 1.003 1.064
2006-2007 1.074 1.004 1.064 1.009 1.078
2007-2008 1.002 0.971 0.999 1.003 0.973
2008-2009 0.935 1.014 0.940 0.995 0.948
2009-2010 1.042 1.057 1.041 1.001 1.101
2010-2011 1.073 1.082 1.074 1.000 1.161
2011-2012 1.040 1.028 1.037 1.003 1.069
2012-2013 0.999 1.031 1.012 0.987 1.031
2013-2014 0.984 1.048 0.993 0.990 1.031
2014-2015 1.009 1.046 1.009 1.000 1.056
2015-2016 0.989 1.152 1.018 0.972 1.139
2016-2017 0.865 1.334 0.906 0.954 1.153
2017-2018 0.996 1.180 1.000 0.996 1.175
2018-2019 0.973 1.146 0.949 1.026 1.116
Mean 1.025 1.048 1.027 0.998 1.075

the regression results, it can be seen that except for
DOW, which passed the 10% significant level, the rest
of the influencing factors passed the 1% significant

level test. Among them, the regression coefficients of
X, InX,, and X5 to Y, are negative, and the regres-
sion coefficients of InX, and InX; are positive. Con-
sidering that &5 (energy consumption per 100 million
yuan of tourism revenue) is negatively correlated with
LST, the impacts of IS and DOW on the CE of tour-
ism are negative. And the degree of traffic conveni-
ence, LE, and LST positively impacts the CE of tour-
ism. In terms of the degree of influence, the CE of the
tourism industry can be increased by 8.79% only by
increasing LST by 0.1 percentage points, and its influ-
ence on the CE of the tourism industry is far greater
than the other influencing factors. The impact of eco-
nomic development level on the CE of the tourism
industry ranks second, and every one percentage point
increase in economic development level can increase
the CE of the tourism industry by 10.86%. The impact
of traffic convenience on CE of tourism ranks third,
and every one percentage point increase in traffic con-
venience can promote CE of tourism by 9.0%. The
influence of DOW on the CE of the tourism industry
ranks fourth among the five influencing factors and is
a negative effect. Each one percentage point increase
in the level of opening up will reduce the CE of the
tourism industry by 4.26%. The IS is the smallest fac-
tor affecting the CE of the tourism industry, and it is
a negative effect. When the proportion of GDP in the
tertiary industry increases by one percentage point, the
CE of the tourism industry only decreases by 0.83%.

Fig. 3 Dynamic changes 1.6 7
of tourism TFP under
carbon emission constraints
(2000-2019) 1.4 4
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Table 8 MI decomposition of the regional tourism industry

Table 10 Tobit regression results of TE (V;y)

TEch TPch PEch SEch MI

Beijing 0.955 1.023 0.955 1.000 0.977
Tianjin 0966 1.073 0.966 0.999 1.036
Hebei 1.073 1.092 1.071 1.002 1.171
Shanxi 1.058 1.018 1.057 1.001 1.077
Inner Mongolia 1.044 1.088 1.044 1.000 1.136
Liaoning 1.070  1.125 1.069 1.001 1.203
Jilin 1.050 1.009 1.049 1.001 1.060
Heilongjiang 1.016 0983 1.017 0.999 0.999
Shanghai 0.955 1.075 0.958 0.997 1.027
Jiangsu 1.024  1.139 1.059 0.967 1.166
Zhejiang 1.051 1.134 1.056 0.995 1.191
Anhui 1.040 1.056 1.037 1.002 1.097
Fujian 1.006 1.135 1.006 1.000 1.141
Jiangxi 1.034 1.092 1.032 1.001 1.129
Shandong 1.040 1.118 1.047 0994 1.162
Henan 1.031 1.071 1.030 1.001 1.104
Hubei 1.018 1.060 1.018 1.000 1.079
Hunan 1.058 1.074 1.056 1.002 1.137
Guangdong 0986 1.101 1.000 0.986 1.085
Guangxi 1.059 1.046 1.057 1.003 1.108
Hainan 1.002 0984 1.009 0.993 0.987
Chongqing 0.983 1.059 0.983 1.000 1.041
Sichuan 1.044 1.114 1.043 1.001 1.163
Guizhou 1.042 1.041 1.041 1.001 1.085
Yunnan 1.064 1.111 1.066 0.999 1.182
Tibet 1.000 0973 1.000 1.000 0.973
Shaanxi 1.034 1.044 1.034 1.000 1.079
Gansu 1.024 0957 1.023 1.000 0.980
Qinghai 1.024 0.881 1.024 1.000 0.902
Ningxia 1.019 0899 1.019 1.000 0917
Xinjiang 1.033 0993 1.032 1.001 1.025

Coefficient of variation 0.031 0.063 0.031 0.007 0.075

Using Statal6 to perform Tobit regression on
the data of the TE of the tourism industry and vari-
ous influencing factors, the results are shown in
Table 10. It can be seen from the regression results
that all the other influencing factors have passed the

Table 9 Tobit regression results of CE (V)

Independent  Regression  Standard Zvalue P value
variable coefficients  error

X, —-0.0062 0.0018 —3.3700 0.0010
InX, 0.0638 0.0322 1.9800 0.0470
InX, 0.1108 0.0304 3.6500 0.0000
InX, —-0.0176 0.0235 —0.7500 0.4540
Xs —0.8245 0.2602 —3.1700 0.0020

5% significant level test except for the result of DOW.
Among them, the regression coefficients of X} and X
to YV are negative, and the regression coefficients
of InX, and InX; are positive. Therefore, the influ-
ence of IS on TE is negative, and the degree of traf-
fic convenience and economic development level has
a positive impact on TE. Considering that X5 (energy
consumption per 100 million yuan of tourism revenue)
is negatively correlated with LST, LST positively
impacts the TE of the tourism industry. This part does
not consider DOW because the significance test is not
passed. Regarding the degree of influence, LST has
the greatest impact on the TE of tourism. For every
0.1 percentage point increase in LST, the TE of the
tourism industry will increase by 8.24%. The second
is LE. An increase of 1 percentage point will drive the
TE of the tourism industry to increase by 11.08%. The
third place is DTC. Whenever DTC increases by one
percentage point, the TE of the tourism industry will
increase by 6.38%. The last one is the IS. When the
proportion of GDP in the tertiary industry increases
by one percentage point, the TE of the tourism indus-
try decreases by 0.62%. From the regression results,
the impact of various factors on the TE of the tourism
industry is generally similar to the impact on CE. The
main difference is that the DOW significantly impacts
the CE, but the impact on the TE is not significant.
Similarly, Statal6 is used to perform Tobit regres-
sion on the data of the tourism industry SE, and various

Table 11 Tobit regression results of SE (V)

Independent  Regression  Standard Zvalue P value Independent  Regression  Standard Zvalue P value
variable coefficients  error variable coefficients  error

X, —0.0083 0.0017 —4.7500 0.0000 X, —-0.0019 0.0007 —2.6600 0.0080
InX, 0.0900 0.0306 2.9500 0.0030 InX, 0.0247 0.0108 2.2900 0.0220
InX; 0.1086 0.0292 3.7200 0.0000 InX; 0.0189 0.0100 1.8900 0.0590
InX, —0.0426 0.0228 —1.8700 0.0610 InX, —-0.0377 0.0079 —4.7700 0.0000
Xs —0.8786 0.2444 —3.6000 0.0000 X —0.1486 0.1018 —1.4600 0.1450
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influencing factors, and the results are shown in Table 11.
From the regression results, it can be seen that the influ-
ence of LST on the SE of the tourism industry is not sig-
nificant, LE is significant within the 10% level, and the
rest of the influencing factors have passed the test at the
5% significant level. LST is not significant, so its impact
on the SE of the tourism industry is not considered.
Among the variables corresponding to the four indica-
tors of other indicators, the regression coefficients of X
and In&), are negative, and the regression coefficients
of InX, and In&}; are positive, so the impacts of IS and
openness on the SE of the tourism industry are nega-
tive. And the impacts of transportation convenience and
economic development level on the SE of tourism are
positive. From the perspective of the degree of influ-
ence, DOW has the greatest and negative impact on the
SE of the tourism industry. Every time DOW increases by
one percentage point, the SE of the tourism industry will
decrease by 3.77%. The second is the influence of traf-
fic convenience on the SE of the tourism industry. When
traffic convenience increases by one percentage point, the
SE of the tourism industry will increase by 2.47%. LE has
the third largest influence on the SE of the tourism indus-
try. When LE increases by one percentage point, the SE
of the tourism industry will increase by 1.89%. The indus-
try structure has the least impact on the SE of the tour-
ism industry. When the proportion of GDP of the tertiary
industry increases by one percentage point, the SE of the
tourism industry will decrease by 0.19%. Compared with
the regression results of Tables 3, 4, and 5 and Tables 3,
4, 5, and 6, the influence of various factors on the SE of
the tourism industry shown in Table 11 is quite different
from the influence of various factors on the CE and TE of
the tourism industry.

Summarize the regression coefficients and influ-
ence directions of various factors on the CE, TE, and
SE of the tourism industry and get Table 12. After com-
parison, it is found that the influence of IS and DOW
on the TE and SE of the tourism industry is negative,
so the degree of negative influence reflected in the
CE is further strengthened. But at the same time, the
influence of these two factors on tourism efficiency

is the smallest among the five factors. DTC, LE, and
LST have a relatively obvious positive role in promot-
ing tourism efficiency. Among them, LST has the
most obvious role in promoting tourism efficiency.
Every time LST increases by one percentage point, it
can drive the TE of the tourism industry to achieve an
increase of 82.45%. The influence of LE on tourism
efficiency is second only to the influence of LST on
tourism efficiency. Every one percentage point increase
in LE can drive the TE and SE of the tourism industry
to achieve an increase of 11.08% and 1.89%, and the
growth rate reflected in the CE is 10.86%. DTC has a
relatively obvious role in promoting the TE and SE of
the tourism industry. Whenever DTC increases by one
percentage point, the TE and SE of the tourism industry
will increase by 6.38% and 2.47%, respectively, and the
CE will increase by 9.00%.

In the influencing factors analysis results, IS and
DOW negatively affect tourism efficiency improve-
ment. However, the degree of the negative impact of
the two (0.0083 and 0.0426) is less than half of the
positive impact of transportation convenience (0.0900)
and LE (0.1086) and far less than the positive impact
of the level of scientific and technological development
(0.8786). In addition, the increase in the proportion of
tertiary industries in GDP and the degree of opening up
may lead to the development of transportation conveni-
ence, economic development level, and scientific and
technological development level, which will signifi-
cantly positively impact tourism efficiency. Therefore,
it cannot be concluded that reducing the proportion of
GDP in the tertiary industry and reducing the degree of
opening up can improve the efficiency of the tourism
industry. LST has a strong driving force on the CE of
the tourism industry. Since the impact on the SE of the
tourism industry is insignificant, it mainly affects the
CE of the tourism industry by affecting the TE of the
tourism industry. However, considering that the index
selected for LST in this paper is the energy consump-
tion per 100 million yuan of tourism revenue (photo
focus/100 million yuan), increasing tourism efficiency
by improving LST is not easy.

Table 12 Influence degree IS DTC
and influence direction of
various factors on tourism CE 0.0083 _
industry efficiency TE 0.0062 )
SE 0.0019 -

0.0900
0.0638
0.0247

LE DOW LST
+ 0.1086 + 0.0426 - 0.8786 +
+ 0.1108 + / / 0.8245 +
+ 0.0189 + 0.0377 - / /
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In addition, the growth rate of the CE of the tour-
ism industry driven by LE is 10.86%, which is still
lower than the growth of TE when the driving effect
on SE is positive. The specific reasons for this situa-
tion call for a more detailed study. The positive and
significant effect of economic development on tour-
ism efficiency indicates that high-quality tourism
consumers are the basic driving force for developing
the tourism market and the key to promoting tour-
ism efficiency. And adequate tourism consumption
can not only increase the scale of the tourism mar-
ket but also promote the further improvement of the
CE of the tourism industry by improving the utiliza-
tion efficiency of tourism resources. DTC has a sig-
nificant role to play in promoting tourism efficiency.
The index reflecting DTC in this paper is the den-
sity of the road network. The analysis results prove
that improving transport infrastructure services can
improve tourism efficiency by enhancing transporta-
tion convenience.

Discussion

High-quality low-carbon development in the tourism
sector pursues both economic growth and decarboni-
zation degree. Therefore, tourism industry efficiency
under carbon emission constraints has become one of
the key issues in China’s tourism development, and
it reflects the effectiveness of China’s low-carbon
development policies in the tourism industry. Based
on the DEA model, MI model, and Tobit regression,
this paper analyzes the tourism industry efficiency
under carbon emission constraints and the influenc-
ing factors in 31 provincial administrative regions in
mainland China. The findings of this paper provide
a more comprehensive picture of the state of China’s
tourism industry in the context of low-carbon devel-
opment than studies conducted in local areas of China
(Xue et al., 2022; Zha et al., 2019).

In this paper, some existing findings are demon-
strated, while some new conclusions are identified.
In previous studies of China’s tourism industry, vari-
ous factors, such as poor infrastructure, have led to
the fact that the less economically developed western
regions tend to perform worse than the economically
developed eastern regions in the tourism industry (He
et al., 2023). The results of this paper show that the
top-ranked regions in terms of tourism efficiency

@ Springer

include regions with better economic development,
such as Tianjin, Beijing, and Shanghai, as well as
regions with relatively poor economic development,
such as Tibet and Ningxia. This is also inconsist-
ent with the findings of Jiang et al. (2022) on tour-
ism carbon emission efficiency, who found that five
of the six provinces that reached the efficient frontier
of tourism carbon dioxide emission efficiency were
economically developed regions such as Beijing and
Tianjin and that the eastern region was far superior to
the central and western regions. In the context of sus-
tainable and high-quality development, the tourism
industry is no longer obsessed with increasing tour-
ism revenue. With a significant low-carbon transition,
it may be a good state of development even if eco-
nomic growth is mediocre. Therefore, the evaluation
method of this paper may be more equitable in terms
of the results.

The results of MI show that technological progress
contributed the most to improving TFP in the Chi-
nese tourism industry under the carbon emission con-
straints from 2000 to 2019. This is consistent with the
findings of Sun et al. (2015), who found an increas-
ing trend in the TFP of China’s tourism industry from
2001 to 2009 and that technological progress was the
dominant factor influencing the change in TFP.

The results of the analysis of the influencing fac-
tors in this paper show that transportation, economy,
and LST have a significant contribution to tourism
efficiency, while the tertiary sector and the DOW
have a negative impact. This is also not exactly the
same as the findings of previous studies. The findings
of Liu et al. (2021) show that the economy, transpor-
tation, and openness can significantly contribute to
the efficiency of tourism. Gao et al. (2022) found that
the economy, the tertiary sector, and urbanization are
the main factors driving tourism efficiency. Differ-
ences in the selection of indicators may account for
the large differences between the study results, and
more detailed research is needed to sort out this issue.

Based on the results, the following policy sugges-
tions can be made. First, to promote the low-carbon
development of the tourism economy, an evaluation
system should be established, and the governance
mechanism should be improved. The low-carbon
development level should be considered as one indi-
cator of the quality of the tourism industry, and tax
relief and policy support should be provided to guide
the low-carbon development of the tourism industry.



Environ Monit Assess (2023) 195:1093

Page 15 0f 17 1093

When regions with better development of low-carbon
tourism obtain more tourism policy support, it will
lead to more tourists flowing from regions with lower
levels of low-carbon tourism to regions with higher
levels of low-carbon tourism. On the one hand, trans-
ferring tourists can reduce per capita carbon emissions
and improve the overall level of low-carbon tourism.
On the other hand, the shift of tourists can motivate
regions to pursue higher levels of low-carbon tour-
ism in order to obtain policy support. Second, balance
regional differences by strengthening inter-regional
tourism cooperation. The exchange and cooperation
of information, technology, and talents in tourism
development between regions should be promoted
to improve tourism efficiency under the constraint
of carbon emissions. More efficient regions provide
technology and management experience to less effi-
cient regions which can lead to an overall increase
in total factor productivity of the tourism industry.
Third, technological innovation and industrial upgrad-
ing should be utilized to improve the efficiency of
low-carbon tourism. Promoting low-carbon tourism
technologies and accelerating the progress and appli-
cation of low-carbon technologies in transportation,
accommodation, and other tourism segments are nec-
essary. Transportation and technological innovation
contribute significantly to tourism efficiency and are
relatively easy to control and plan for, and gradually
increasing investment in them may be effective in
improving tourism efficiency as low-carbon tourism
develops. Finally, economic development plays a sig-
nificant role in promoting tourism efficiency under the
constraint of carbon emissions. The process of new
type urbanization construction should be accelerated,
the construction of tourism infrastructure and related
facilities should be improved, the optimization and
upgrading of the tourism industry structure should be
accelerated, and the improvement of tourism industry
efficiency under the constraint of carbon emissions
should be further promoted.

Conclusion

By measuring tourism efficiency under the carbon
emission constraints and analyzing its influencing
factors, this study identified the following findings.
Firstly, there are obvious regional differences in the
CE of the Chinese tourism industry under the carbon

emissions constraints, and it faces the risk of decline
due to the simultaneous decline of TE and SE. Sec-
ondly, the TFP of the Chinese tourism industry under
the constraint of carbon emissions has achieved sig-
nificant growth. Technological progress is the key
to enhancing tourism TFP under carbon emission
constraints. The results of the MI analysis show that
technological progress has the greatest contribution
to improving the tourism TFP under emission con-
straints, and TE also plays a positive role in promot-
ing it. The overall change in the SE is not evident,
which limits further progress in improving the tour-
ism TFP. Thirdly, all factors impact tourism effi-
ciency, and positive factors play a greater role. Except
that DOW has no significant impact on the TE and
LST does not significantly impact the SE of the tour-
ism industry, different factors have varying degrees
of influence on the TE and SE of tourism. There-
fore, they have different effects on the CE of tourism.
Among them, the degree of traffic convenience, LE,
and LST positively affect tourism efficiency, and the
impacts are strong. The IS and the degree of openness
have inhibitory effects on tourism efficiency, but the
impacts are weak. Based on these findings, it can be
concluded that China’s demand for low-carbon devel-
opment has not limited the progress of its tourism
industry. However, at the same time, shortcomings
such as regional differences and insufficient develop-
ment drivers still exist.

This study measures the efficiency of the Chi-
nese tourism industry from the perspective of carbon
emission constraints and attempts to select more rep-
resentative indicators from a wide range of complex
tourism-related indicators as influencing factors for
analysis. Under the background of sustainable devel-
opment and high-quality development, this paper
enriches the content and direction of tourism effi-
ciency theory research and provides a new theoretical
reference for related research on ecotourism, sustain-
able industrial development, and industrial efficiency
under carbon emission constraints. Due to the strong
comprehensiveness of the tourism industry and the
lack of relevant data, the research process is not
smooth. There is still room for improvement in the
data analysis part. And this is also a common prob-
lem in studying the tourism industry in developing
countries. To make the results more accurate and reli-
able, this study’s calculation results are obtained by
calculating the basic statistical data. The deficiency
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of this paper is the lack of discussion and conclusions
relating to practice, and these issues will be carried
out in the follow-up research based on this paper.
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