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Tourism efficiency can be used to effectively measure the utilization of regional tourism resources and the state of tourism
economic development. Based on the super efficiency DEA model, Malmquist index, and spatial econometric model, this article
measures the static and dynamic tourism efficiency of 11 provinces and cities in eastern China for 2010 to 2019. In combining
ArcGIS 10.0 and MATLAB 2016b software, this article studies the temporal and spatial differentiation of tourism efficiency in
eastern provinces and cities and influencing factors. ,e results show that (1) the overall tourism efficiency of eastern provinces is
at a high level and relatively stable, but the regional distribution is quite varied, and problems of spatial imbalance are prominent;
(2) the overall tourism efficiency of eastern provinces is increasing, and the change index of technical efficiency contributes the
most, followed by the change index of scale efficiency; and (3) industrial status, traffic conditions, tourism resource endowment,
and the labour force are the main factors affecting the temporal and spatial differentiation of tourism efficiency in eastern
provinces and cities, while the level of economic development and information technology have no significant impact.

1. Introduction

At present, China’s economy is transitioning from a stage of
rapid growth to a stage of high-quality development.
Tourism plays an important role in optimizing the economic
structure, promoting the transformation of growth drivers,
and meeting people’s spiritual and cultural needs to meet
their desire for a better life. It is also crucial for China under
the current new normal to improve tourism efficiency and
take the path of sustainable development. As an effective
index of resource utilization capability and effect based on
input-output [1], efficiency can effectively measure the
comprehensive impact of tourism on a region to make a
corresponding evaluation of the tourism development of
different provinces and cities. It is of great significance to
promote the development of regional tourism and increase

tourism economic income to systematically evaluate the
tourism efficiency of various provinces and cities through
time and space.

Domestic and foreign research on tourism efficiency has
been carried out from many dimensions, and the research
results are relatively comprehensive. In terms of the object of
research, researchers have examined the tourism efficiency
of different levels of tourism destinations, different types of
tourism activities, and tourism departments with different
functions [2–5]. In terms of research content, researchers
have conducted beneficial explorations of the efficiency of
tourism poverty alleviation [6], tourism resource conversion
[7], and tourism ecological development [8, 9]. In addition
to conducting research on the efficiency of tourism hotels,
tourism transportation, tourism destinations, and travel
agencies from a micro perspective [10], domestic scholars
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have also carried out research at the macro and meso levels
in examining urban agglomerations, provinces, cities, and
counties as well as at the micro level in studying scenic areas
and forest parks [11–16]. ,e scope, depth, methodologies,
and intersectionality of research on tourism efficiency are
also expanding [10]. Despite this work, research on the
eastern China economic belt, a leading area of tourism
economic development, is still relatively limited. Taking 11
provinces and cities in eastern China as its basic research
unit, this study constructs an index system of tourism ef-
ficiency measurement using data related to tourism and the
economy for 2010 to 2019. ,e static super efficiency DEA
model and dynamic Malmquist index are used to measure
the level and development trends of tourism efficiency in
China’s eastern provinces and cities. Meanwhile, with the
help of a spatial econometric model, the authors analyse the
temporal and spatial differentiation characteristics and
influencing factors of regional tourism efficiency from the
perspective of space and visualization and regulate and
predict differences in tourism efficiency. ,is work is ex-
pected to promote the high-quality development of the
tourism economy in China’s eastern region and guide the
tourism economic development of China’s central and
western provinces, which started later and lags behind that
of China’s eastern provinces, to facilitate the development of
China’s tourism economy.

2. Study Area and Data

2.1. Study Area. To formulate long-term national economic
development plans, land development and renovation plans,
and regional layout and regional economic development
policies and services, China is divided into three major
economic zones: the eastern, central, and western regions.
,e eastern economic zone is located in the eastern region of
Asia, along the eastern border of the Eurasian continent and
along the west coast of the Pacific Ocean, covering a total
area of approximately 950,000 square kilometres. ,e region
includes three cities, Beijing, Tianjin, and Shanghai, and
eight provinces, Hebei, Liaoning, Jiangsu, Zhejiang, Fujian,
Shandong, Guangdong, and Hainan, with a total of 11
provincial administrative units. Due to the influence of its
geographic location, development foundations, market
conditions, and human capital, the region has formed the
most developed socialist economy in China. All of the major
metropolises of mainland China, such as Beijing, Shanghai,
Shenzhen, and Guangzhou, are located in eastern China.
,erefore, it is appropriate and significant to use the DEA-
Malmquist index combined with the exploratory spatial data
analysis method to conduct an in-depth study of tourism
efficiency in this area.

2.2. Data Source and Index Selection

2.2.1. Data Source. To ensure the study’s authenticity, in-
tegrity, and continuity, all data used are from the China
Statistical Yearbook (2010–2019) and China Tourism Sta-
tistical Yearbook (2010–2019) as well as from the statistical
yearbooks of eastern provinces and cities and the Statistical

Bulletin of National Economic and Social Development
(2010–2019). Due to missing data for some years for some
provinces and cities, interpolation is adopted to supplement
the data to ensure the rationality of calculations andmeet the
processing requirements of this study.

2.2.2. Index Selection

(1) Setting of Input-Output Elements of Tourism Efficiency.
,e index of tourism efficiency evaluation often adopts the
production input factors of economics, which are generally
defined as land and natural resources, labour, capital, and so
on [17]. Among these, the impact of land on tourism de-
velopment is relatively limited, and the number of starred
hotels and A-level scenic areas receiving capital investment
also reflects the scale of land investment to a certain extent,
so it is not taken as an input variable [18]. ,e labour force
injects vitality into regional tourism development, repre-
senting an important source of potential for its development.
However, due to the lack of data on the ideal input index of
tourism practitioners, on the basis of increasing the number
of employees, the selection of employees in the tertiary
industry as labour input can be regarded as a means of index
selection in line with the characteristics of the tourism in-
dustry. Capital factors mainly include various tourism
service facilities and enterprises that promote the develop-
ment of the tourism industry. We use the number of A-level
scenic areas, star hotels, and travel agencies that reflect the
value of tourism resource endowment and the reception and
service capacity of the tourism industry as input variables of
capital [19]. Tourism output factors mainly include eco-
nomic effects, social effects, and ecological effects. To reduce
the impacts of other external environmental variables, such
as travel convenience, travel preferences, and city reputation,
we use domestic tourism income and the number of do-
mestic tourists as output indicators to reflect economic and
social effects. Based on the change in the statistical standard
of the total area of afforestation, the area of artificial af-
forestation for a given year is used as the index of ecological
effect output (Table 1).

(2) Setting of Influencing Factors of Tourism Efficiency. As
tourism efficiency is affected by macro- and micro-level
aspects, the following six factors are used based on the
existing literature [20–22]. ① ,e economic development
level (ECON): the level of economic development directly
affects tourism project cooperation between provinces and
urban areas and then affects the development of tourism
efficiency. Improving infrastructure, introducing advanced
technology, and innovating tourism products require a
certain degree of capital investment. Here, the variable is
expressed by the per capita GDP of provinces and cities.②
Industrial status (STAT): the status of the tourism industry
can reflect the government’s attention to regional tourism
development to a certain extent and reflect the agglomer-
ation capacities of regional tourism factors.,e stronger this
capacity is, the broader the flow of regional tourism pro-
duction factors becomes. We use the proportion of domestic
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tourism income of GDP to express the state of the tourism
industry.③ Tourism resource endowment (RESO): tourism
resource endowment affects the flow and allocation of
tourism investment elements between provinces and cities as
well as tourism flow and tourism investment, thus affecting
the division of labour and cooperation in the tourism in-
dustry between provinces and cities. ,e evaluation rules of
the national standard classification and of the quality of
scenic areas (GB/T17775-2003) are adopted. ,e minimum
score for scenic areas specified by Rule 2 is selected as the
score for the resource endowment evaluation of scenic areas
at corresponding levels.,e resource endowment evaluation
value of the decision-making unit is obtained by summing
the scores for all scenic areas above grade 3A of the unit [23].
④ Traffic conditions (TRAN): tourism resources in the
eastern provinces are distributed unevenly across space, and
traffic conditions greatly affect the development of tourism.
As highways represent the most important form of pro-
vincial and municipal transportation, the highway mileage
(km) of each province and city is used to represent traffic
conditions.⑤,e labour force (HR): the tourism industry is
a labour-intensive industry. Labour indirectly affects the
development efficiency and performance of the tourism
economy. ,e number of employees in the tertiary industry
is used to represent the labour force. ⑥ ,e information
development level (INFO): the informatization development
level affects the spatial agglomeration and expansion of the
tourism economy and can be expressed by the total level of
post and telecommunications business. However, due to the
lack of statistical calibre and data for certain years, the total
amount of postal business is used to express this value.

3. Methods

3.1. Super Efficiency DEA Model. ,e DEA (Data Envelop-
ment Analysis) model was first proposed by Charnes,
Cooper, and Rhodes in 1978. DEA is a new field that in-
tegrates operational research, mathematical economics, and
management science [24] and that uses mathematical
programming models, including linear programming,
multiobjective programming, generalized optimization with
a tapered structure, semi-infinite programming, and ran-
dom programming, to evaluate the relative effectiveness of
multiple inputs and/or output “departments” or “units”
(DMU) [25]. DEA is a commonly used means to measure
economic efficiency and can effectively measure tourism
efficiency. However, due to the particularities of the tourism
industry, the corresponding input variables are relatively
controllable, while the output variables are not. We use the
input-oriented model of the DEA method and the method
proposed by Andersen and Petersen [26]. ,e super effi-
ciency model of the improved CCR designed to further
distinguish the effectiveness of effective DMU is used to
evaluate and rank the research objects. Assuming n role
units, input variable Xij (I� 1, 2, . . ., m) in m and output
variable Yij (r� 1, 2, . . ., p) in P, the super efficiency CCR-
DEA calculation model is written as follows:

min θ − ε 􏽘
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i�1
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−
i + 􏽘
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(1)

In the formula, X0 and y0 are input and output vectors of
selected decision unit DUM0, respectively; λ is the combi-
nation ratio of n decision units in an effective θ combination
newly constructed relative to DUM0; S−

i and S+
r are relax-

ation variables of input and output, respectively; and θ is the
comprehensive efficiency value of DMU. When θ< 1, DMU
is non-DEA effective. When θ≥ 1, DMU is DEA effective;
the greater θ is, the higher the level of efficiency is [27].

3.2. Malmquist Index. As the change in tourism efficiency
involves a dynamic process, tourism efficiency will change
with time.,e relative efficiency calculated by the static DEA
model cannot be compared with the optimal efficiency
frontier constructed by it; that is, the value cannot be directly
compared with tourism efficiency over the years. ,erefore,
the Malmquist index is introduced to conduct an inter-
temporal analysis of tourism efficiency and a dynamic
evaluation of tourism efficiency [28]. ,e Malmquist index
of total factor productivity was first proposed by Malmquist
(1953) and later improved by Fare R (1994). ,e Malmquist
Index (MI) is expressed as follows [29]:

MIt+1 �
Dt+1 xt+1( , yt+1􏼑

Dt+1 xt, yt( 􏼁
×

Dt xt+1, yt+1( 􏼁

Dt xt, yt( 􏼁
⎡⎢⎣ ⎤⎥⎦

1/2

. (2)

In the formula, Dt(xt+1, yt+1) represents the distance
between the DMU in period t+ 1 and the production front
surface in period t; that is, all DMUs in period t are used to
construct the production front surface to measure the ef-
ficiency of a DMU in period t+ 1. MIt+1 ∈ (0, +∞). If
MIt+1> 1, then compared with that of period t, the tourism
efficiency of period t+ 1 is higher. If MIt+1< 1, then com-
pared with that of period t, the tourism efficiency of period
t+ 1 is lower. If MIt+1 � 1, relative to period t, there is no
change in tourism efficiency in period t+ 1.

3.3. Spatial Weight Matrix Setting

3.3.1. Spatial Autocorrelation Test. Before setting the spatial
weight matrix, the spatial data should be analysed to de-
termine the nonrandomness or spatial autocorrelation of
distribution. ,is approach involves spatial analysis with a
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recognition function. By identifying and distinguishing the
characteristics of geographic data and then observing the
atypical location, we find the corresponding spatial corre-
lation, clustering, or hot spot pattern; connect the geo-
graphic space to the data space; and determine the spatial
correlation of economic activities. We useMoran’s I index to
explore the spatial correlation of regional comprehensive
tourism efficiency. ,e specific formula used is as follows:

Moran’s I �
n

S0
×

􏽐
n
i�1 􏽐

n
j�1 Wij Xi − X( 􏼁 Xj − X􏼐 􏼑

􏽐
n
i�1 Xi − X( 􏼁

2 ,

S0 � 􏽘
n

i�1􏽘
n

j�1Wij.

(3)

In the formula, n is the province, Xi is the observed value
of province i, and Wij represents the spatial weight matrix.
,eMoran’s I index value ranges from −1 to 1. According to
Moran’s I index value, spatial distribution in the study area
can be determined. At a given significance level, a Moran’s I
of >0 indicates a positive correlation, that is, the units in the
study area are spatially clustered; if Moran’s I is< 0, this
indicates a negative correlation, that is, each unit in the study
area is distributed discretely across space; and if Moran’s
I� 0, the space is uncorrelated, that is, each unit in the study
area presents an irregular random distribution.

3.3.2. Spatial Weight Matrix. ,e spatial weight matrix
reflects the interdependence of individuals in space. ,e
value is an important basis for further spatial data analysis.

In this article, the geographic adjacency weight matrix is
used as the spatial weight matrix, and the form is set as
follows:

Wij �
1, If i is adjacent to j and i≠ j,

0, If i is not adjacent to j or i � j.
􏼨 (4)

,at is, when two provinces are adjacent, the value is 1;
otherwise, it is 0. At the same time, for our robustness test,
we use the geographic distance weight matrix for our spatial
econometric analysis. ,e form of the geographic distance
spatial weight matrix is set as follows:

Wij �
1/d2

ij, i≠ j,

0, i � j.

⎧⎨

⎩ (5)

In the formula, d2
ij represents the surface distance of

latitude and longitude between two cities, and i≠ j. When
i� j, Wij is 0, and the geographic attenuation index is 2.

3.4. Spatial Measurement Model Setting. Spatial panel
models can effectively solve the problems of spatially
explained variable autocorrelation and measurement error
and mainly include the spatial lag model (SLM), spatial error
model (SEM), and spatial Dobbin model (SDM) [30].
Considering the possible spatial spillover effect of tourism
efficiency and influencing factors in provinces and cities in
eastern China, based on the basic spatial panel model, the
model is constructed as follows:

yit � β0 + β1ENCOit + β2STATit + β3RESOit + β4TRANit + β5HRit + β6INFOit + μi + εit. (6)

In the formula, i is the province, t is the year, and yit is the
comprehensive tourism efficiency level (calculated by the
super efficiency DEA model). ENCOit is the level of eco-
nomic development. STATit is the industrial status (mea-
sured by the proportion of domestic tourism revenue of
GDP); RESOit is the endowment of tourism resources;
TRANit denotes traffic conditions. HRit is the labour force,
and INFOit is the information level. µi is the individual fixed
effect, and εit is the error term.

In addition, in view of the possible omission of location
factors and other variables in the setting of the econometric
model, these unobservable missing variables may also have
an impact on the comprehensive efficiency of tourism and
lead to spatial dependence, so it is necessary to include the
spatial effect in the econometric analysis. ,e specific spatial
measurement model is set as follows:

yit � α + ρ 􏽘
N

j�1,j≠i
Wijyit + βXit + 􏽘

N

j�1,j≠i
WijXitθ + μi + ]t + εit,

εit � φ 􏽘

N

j�1,j≠i
Wijεit + ϕit.

(7)

In the formula, εit is the error term; µi and ]t represent
the unobservable regional effect and time effect, respectively;
ρ and φ are the spatial lag coefficient and spatial error co-
efficient, respectively;Wij is the spatial weight matrix, and X
is the independent variable vector including the economic
development level, industrial status, tourism resource en-
dowment, traffic conditions, labour force, and the infor-
mation level. Formula (7) is a general nested model of the
spatial interaction effect. In the empirical analysis, according
to ρ, φ and θ, the spatial econometric model is also different
depending on whether the value is 0.

4. Results and Analysis

4.1. Comprehensive Tourism Efficiency Analysis. Based on
the data measurement based on the DEA model, the
comprehensive tourism efficiency of 11 eastern provinces
and cities from 2010 to 2019 is calculated with the help of
DEA-Solver software. According to the results (Table 2),
the overall tourism efficiency of the eastern provinces and
cities is higher than that shown in Table 1 for the past
decade. Across provinces and cities, the tourism efficiency
of each region varies. Hainan Province has the lowest
comprehensive tourism efficiency (0.588), whereas other
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provinces and cities have comprehensive tourism effi-
ciency levels of higher than 0.8, and most provinces and
cities have higher levels of tourism efficiency.

In terms of time, the overall tourism efficiency of
eastern provinces and cities from 2010 to 2019 maintains a
high level, does not change much, shows no significant
continuous increase or decrease, or first increases and
then decreases or vice versa. ,e highest efficiency value
for 10 years is 1.307, and the lowest value is 1.097. In 2009,
the government defined tourism as a strategic pillar in-
dustry. ,e Opinions of the State Council on Accelerating
the Development of Tourism in 2009 reported that all
efforts should be made to promote investment in and the
development of the tourism industry. Several Opinions on
Promoting the Reform and Development of Tourism in
2014 called for strengthening and creating room for
tourism development. ,e support and promotion of
numerous policies have greatly promoted the develop-
ment of tourism and the improvement and stability of
tourism efficiency.

In terms of regional distribution, there are great
differences in comprehensive tourism efficiency among
provinces and cities, and the degree of polarization is
serious. ,e average value of comprehensive efficiency
over 10 years for Hebei Province is the highest (2.050),
and the value for Hainan Province is the lowest (0.588).
Among the 11 provinces, the average efficiency levels for
Hebei, Tianjin, and Shanghai are higher than 1.5, ranking
in the first echelon. ,e average efficiency levels of
Liaoning, Fujian, and Guangdong are higher than 1 but
lower than 1.5, ranking in the second echelon. ,e average
efficiency levels of Beijing, Jiangsu, Zhejiang, Shandong,
and Hainan are less than 1, and the average efficiency level
of Hainan is less than 0.5, ranking in the third echelon. In
summary, most provinces and cities in eastern China
show high degrees of tourism efficiency and excellent
development results. At the same time, the results show
that the annual distribution of tourism efficiency is rel-
atively stable and that the regional distribution is
unbalanced.

4.2. Dynamic Tourism Efficiency Analysis. Using DEAP2.1
software, the Malmquist index of total factor productivity
and its changes in 11 provinces and cities of eastern China
from 2010 to 2019 were calculated and decomposed. Among
the values measured, the total factor productivity index is
measured as the comprehensive efficiency change index-
× technological progress, and the efficiency change index is
also measured as the pure technical efficiency change
index× the scale efficiency change index× the technological
progress efficiency change index. In other words, the total
factor productivity index can be decomposed into the
comprehensive efficiency change index and the technolog-
ical progress efficiency change index, and the comprehensive
efficiency change index can be further decomposed into the
pure technical efficiency change index and the scale effi-
ciency change index.,rough the decomposition of the total
factor productivity index, dynamic tourism efficiency can be
more clearly analysed.

On the time dimension (Table 3), the total factor pro-
ductivity of eastern provinces and cities from 2010 to 2019
was higher than 1, indicating that total factor productivity
was still on the rise. In the nine periods of tourism efficiency
evaluation, the change index of comprehensive efficiency for
five periods is higher than 0.95 but less than 1, the change
index of comprehensive efficiency for four periods is higher
than 1, the change across nine periods show no special signs
of regularity, and the average change index of compre-
hensive efficiency is 0.999. In terms of technological progress
efficiency, except for the two periods of 2011–2012 and
2014–2015, the efficiency change index of the other seven
periods is higher than 1, and the average value of the
technical efficiency change index is 1.065. From a com-
parative point of view, the change index of technological
progress efficiency is the most important driving force of
tourism efficiency, while the change index of comprehensive
efficiency restricts the improvement of tourism efficiency to
a certain extent. After decomposing the comprehensive
efficiency change index into pure technical efficiency and the
scale efficiency change index, it is found that the pure
technical efficiency change index and scale efficiency change

Table 1: Descriptive statistics of input-output indices and original data for eastern provinces and cities for 2010 to 2019.

Indices Indicator Unit Definition Maximum Minimum Mean Standard
deviation

Input
indicators

Number of employees in
the tertiary industry

Ten thousand
people

,e potential and vitality of
tourism 3378.02 165.87 1255.18 682.31

Number of A-level scenic
areas Home ,e value of tourism

resource endowment 1292 52 317.45 259.96

Number of star-rated
hotels Home ,e reception capacity of

the tourism industry 1175 71 456.18 295.97

Number of travel agencies Home ,e service capacity of the
tourism industry 3281 301 1420.66 736.35

Output
indicators

Domestic tourism revenue One hundred
million yuan

,e overall economic level
of the region 13902.21 235.61 4713.31 3121.61

Number of domestic
tourists

,ousands of
people ,e level of social activity 93288.00 2521.03 35863.14 20974.24

Current afforestation area ,ousands of
hectares

,e ecological environment
of the tourism area 371.77 0.71 72.86 88.70
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index are higher than 1 in five periods and less than 1 in four
periods. ,e average efficiency change indexes of the two are
0.977 and 1.002, respectively. ,is reveals problems with the
operation, management, and technologies of the tourism
industry over the last ten years. While improving tourism
efficiency relying on industrial scale is more effective, this
cannot achieve outstanding results. ,erefore, the change
index of technical efficiency is the main factor that affects the
improvement of tourism efficiency in eastern provinces and
cities. In descending order, the indexes affect the tourism
efficiency total factor productivity index as follows: the
technical efficiency change index, scale efficiency change
index, and pure technical efficiency change index.

For provinces and cities (Table 4), the average TFP of 11
eastern provinces and cities from 2010 to 2019 is 1.062, and
the TFP index of each province and city is higher than 1.
Among the values, the average growth rate of the com-
prehensive efficiency change index is −0.1%, the average
growth rate of the technological progress efficiency change
index is 6.2%, the average growth rate of the pure technical
efficiency change index is −0.3%, and the average growth
rate of the scale efficiency change index is 0.2%. ,erefore,
the overall high level of tourism efficiency found in eastern
provinces is mainly due to improvements to the efficiency of
technological progress, indicating that the utilization of
tourism resources and the management level of the tourism
industry in this region have been effectively improved.
Further subdivision shows that the improvement of the total
factor productivity indexes of Tianjin, Hebei, Liaoning,

Shanghai, Jiangsu, Zhejiang, and Fujian is jointly driven by
comprehensive efficiency and technological progress effi-
ciency. ,ese seven provinces and cities should further
improve the management level of the tourism industry by
maintaining the current level of tourism efficiency. ,e
comprehensive efficiency change indexes of Beijing,
Guangdong, Shandong, and Hainan are less than 1, so the
improvement of their total factor production efficiency is
mainly driven by the efficiency of technological progress. To
increase comprehensive efficiency, these four provinces and
cities should formulate measures to improve their own
resource utilization levels and support talent according to
their low pure technical efficiency or scale efficiency.

4.3. Temporal and Spatial Differentiation and Influencing
Factor Analysis

4.3.1. Temporal and Spatial Differentiation. Based on the
analysis of the index of tourism development efficiency and
total factor productivity for 11 eastern provinces and cities, it
is necessary to judge whether there are some correlations
based on the spatial relations between provinces and cities
and whether these correlations will change with time.
According to Formula (3), the panel Moran’s I index value of
tourism comprehensive efficiency is −0.2486, which is sig-
nificant at the significance level of 5%, indicating that after
controlling the explanatory variables, tourism comprehen-
sive efficiency shows a significant spatial correlation, and

Table 3: Overall dynamic tourism efficiency changes of eastern provinces and cities divided by time.

Time Comprehensive efficiency
(effech)

Efficiency of
technological progress (techch)

Pure technical
efficiency (pech)

Scale
efficiency
(sech)

Total factor productivity
(tfpch)

2010–2011 0.977 1.250 1.005 0.972 1.220
2011–2012 1.052 0.974 1.004 1.048 1.025
2012–2013 0.988 1.049 0.998 0.989 1.036
2013–2014 1.010 1.025 1.000 1.010 1.035
2014–2015 1.032 0.988 0.993 1.039 1.019
2015–2016 0.990 1.094 1.002 0.987 1.082
2016–2017 1.009 1.049 0.995 1.015 1.058
2017–2018 0.976 1.092 0.987 0.989 1.066
2018–2019 0.966 1.090 0.993 0.972 1.053
Mean 0.999 1.065 0.997 1.002 1.065

Table 2: Values and ranking of comprehensive tourism efficiency levels in eastern provinces and cities for 2010 to 2019.

DMU 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 Mean Ranking
Beijing 0.797 0.814 0.833 0.866 0.920 0.910 0.871 0.838 0.796 0.741 0.839 9
Tianjin 1.846 1.818 1.807 2.099 1.446 2.075 1.963 1.871 1.916 1.871 1.871 2
Hebei 1.303 0.912 1.496 1.822 2.250 2.649 2.091 2.763 2.315 2.898 2.050 1
Liaoning 1.370 1.223 1.326 1.281 1.242 1.142 1.197 1.260 1.203 1.227 1.247 4
Shanghai 1.859 1.702 1.918 1.826 1.223 1.942 1.737 1.673 1.381 1.240 1.650 3
Jiangsu 0.734 0.734 0.769 0.823 0.909 0.972 0.998 0.988 0.975 0.954 0.886 7
Zhejiang 0.723 0.794 0.828 0.851 0.890 1.056 0.997 0.960 0.911 0.882 0.889 6
Fujian 0.722 2.557 1.165 1.201 0.703 0.850 0.801 0.943 0.861 0.885 1.069 5
Shandong 1.052 0.825 0.819 0.885 0.794 0.895 0.804 0.826 0.796 0.776 0.847 8
Guangdong 0.899 0.894 1.036 1.174 1.341 1.308 1.222 1.092 0.982 0.744 1.069 5
Hainan 0.765 0.507 0.652 0.460 0.439 0.577 0.621 0.619 0.616 0.626 0.588 10
Mean 1.097 1.162 1.150 1.208 1.105 1.307 1.209 1.258 1.159 1.168 1.182
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tourism comprehensive efficiency is distributed discretely
among provinces. To further explore the spatial distribution
characteristics of comprehensive tourism efficiency in
eastern provinces and cities, the comprehensive tourism
efficiency of eastern provinces and cities is spatially clustered
and visualized in 2010, 2015, and 2019 (Figure 1).

4.3.2. Analysis of Influencing Factors. According toMoran’s I
index, we find a significant spatial correlation for provincial
comprehensive tourism efficiency in eastern China. ,erefore,
the spatial econometricmodel is used to analyse the influencing
factors of comprehensive tourism and to analyse the direct,
indirect, and total spatial spillover effects of each influencing
factor to clarify the action mechanism of the influencing
factors. According to Elhorst’s research [31], the use of the
spatial lag model (SAR), spatial error model (SEM), or spatial
Doberman model (SDM) is judged through calculation. ,e
specific test results are shown in Table 5.

Since the spatial lag model with spatial fixed effects is
more suitable for estimating the econometric equation of
formula (7), we estimate the spatial lag model with spa-
tiotemporal dual fixed effects. To facilitate comparison,
MATLAB 2016b and its spatial measurement software
package are used to estimate and test the relevant models of
six factors influencing tourism efficiency in 11 provinces and
cities in eastern China, and the results of the panel fixed
effect model are displayed in Table 6. According to Table 6,
the p value of the measurement results of the provincial
spatial SAR model for eastern China is significantly different
from 0, indicating significant spatial effects in all regions.

From the model measurement estimation results, the
coefficients of various variables of the SAR model have both
significant positive and negative effects and insignificant
effects. Among them, the impact of economic development
and information levels on tourism efficiency is not signifi-
cant. Tourism resource endowment and the labour force
have significant negative effects on tourism efficiency. ,e
impact of industrial status and traffic conditions on tourism
efficiency is positive. Specifically, we find the following:

(1) ,e level of economic development, as an important
indicator of the scale and speed of regional economic
development, shows high levels of productivity and

talent attraction. Although this measure can have a
certain impact on tourism efficiency in all areas of
tourism investment and tourism demand, the more
developed the economy is, the better outcomes are,
because tourism and other industries also compete
for policies and economic resources. Regarding re-
gional tourism efficiency, while vigorously devel-
oping the regional economy, paying attention to the
investment and policy preferences of the tourism
industry is key to improve tourism efficiency, es-
pecially in economically developed areas of China’s
eastern region.

(2) ,e level of informatization is of certain significance
to the development and innovation of regional
tourism. ,e renewal and use of advanced tech-
nology can help the tourism industry reduce its
dependence on human factors and have an impact
on the comprehensive management of tourism fa-
cilities and tourists’ participation in tourism activi-
ties. In terms of improving tourism efficiency, the
variable failed to pass the significance test. To im-
prove innovation in the tourism industry and pro-
mote the sustainable development of tourism, the
information level should play a more important role
in tourism development and further affect the
tourism efficiency of eastern provinces and cities.

(3) Tourism resource endowment is an important basis
for regional tourism development. Tourist attrac-
tions are critical in helping provinces and cities to
develop tourism.,e quality and quantity of tourism
attractions are of great significance to the develop-
ment of tourism. ,e negative effect of tourism
resource endowment on tourism efficiency coincides
with resource curse theory. Rich tourism resources
do not necessarily equate to high tourism efficiency
[32]. In addition to their insufficient utilization of
tourism resources, different provinces and cities lack
cooperation in tourism resource development, the
interregional division of labour and cooperation is
unreasonable, and the development of tourism re-
sources and the noncooperative game of tourism
products will also affect tourism efficiency.

Table 4: Average values of dynamic tourism efficiency for 11 provinces and cities in eastern China from 2010 to 2019.

Province or
city

Comprehensive
efficiency (effech)

Efficiency of technological
progress (techch)

Pure technical
efficiency (pech)

Scale efficiency
(sech)

Total factor productivity
(tfpch)

Beijing 0.992 1.071 0.970 1.022 1.062
Tianjin 1.000 1.094 1.000 1.000 1.094
Hebei 1.000 1.123 1.000 1.000 1.123
Liaoning 1.000 1.062 1.000 1.000 1.062
Shanghai 1.000 1.013 1.000 1.000 1.013
Jiangsu 1.030 1.060 1.000 1.030 1.091
Zhejiang 1.022 1.053 1.000 1.022 1.076
Fujian 1.023 1.010 1.002 1.021 1.034
Shandong 0.972 1.094 1.000 0.972 1.064
Guangdong 0.979 1.060 1.000 0.979 1.038
Hainan 0.978 1.052 1.000 0.978 1.028
Mean 0.999 1.062 0.997 1.002 1.062
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(4) ,e labour force indirectly affects the development
efficiency and performance of the tourism economy.
As a labour-intensive industry, the tourism industry
has certain requirements for the labour force.
However, this does not mean that the more tourism
practitioners there are, the higher the level of tourism
efficiency will be, in turn meeting the needs of the
regional tourism industry. At the same time, too
many low-skilled employees may also be an im-
portant reason for the negative correlation found
between the labour force and tourism efficiency.
,erefore, on the one hand, the eastern provinces
and cities should formulate differentiated incentive
policies for tourism practitioners according to dif-
ferent levels of economic development; on the other
hand, these entities should also absorb an appro-
priate amount of labour according to the needs of the
industry.

(5) Industrial status is mainly reflected in attention to
industry and the optimization of the industrial
structure. Relevant policies can lay a foundation and
good external conditions for the development of the
tourism industry, and the optimization and
upgrading of industrial structure can promote the
healthy development of the tourism industry and
improve tourism efficiency. Industrial status has a
significantly positive impact on tourism efficiency.
To improve tourism efficiency, the tourism industry
must be a focus and its industrial structure must be
optimized.

(6) Traffic conditions support the development of
tourism and directly affect the sustainable develop-
ment of the sector in various provinces and cities.
,e development of transportation changes the
breadth and depth of the spatial economic ties of the
tourism industry within provinces and cities to a

certain extent and affects tourists’ access to areas, and
the resulting psychological and spatial distance
jointly act on tourists’ tourism motivations and
demands and can attract more investment from
tourism investors. To create more room for tourism
development, more development space can be ob-
tained. ,erefore, traffic conditions have an im-
portant positive impact on the tourism efficiency of
all eastern provinces and cities. ,e continuous
improvement of traffic conditions will be critical to
promoting the development of regional tourism and
should be given sufficient attention.

To more thoroughly and accurately interpret the influ-
encing and transmission effects of the explanatory variables
on the explained variables, we continue to analyse direct,
indirect, and total spatial spillover effects using a spatial SAR
model. Here, LeSage and Pace’s method [33] is used to
further estimate the spatial spillover effect in the spatial lag
model (Table 7). ,e direct effect reflects the impact of
explanatory variables such as the level of regional economic
development on comprehensive tourism efficiency. ,e
indirect effect represents the spatial spillover effect of ex-
planatory variables such as the effect of the level of regional
economic development on the comprehensive tourism ef-
ficiency of surrounding provinces. ,e overall spatial
spillover effect is the sum of the direct spatial spillover effect
and indirect spatial spillover effect. Among these effects, the
indirect spatial spillover effect does not pass the significance
test, so we mainly analyse the direct spatial spillover effect
and total spatial spillover effect.

,e direct spatial spillover effect is also known as the
intraregional spillover effect. Table 7 shows that the spillover
effects of industrial status, traffic conditions, tourism re-
source endowment, and the labour force on tourism effi-
ciency pass the significance test. ,e first two factors have
positive effects, and the latter two have negative effects,

2010

N

0.722 - 0.899
0.900 - 1.370
1.371 - 1.859

0.577 - 0.972
0.973 - 1.308
1.309 - 2.649

0.626 - 0.954
0.955 - 1.871
1.872 - 2.898

Hainan

Guangdong

Fujian

Zhejiang

Shanghai
Jingsu

Shandong
Hebei

Beijing
Tianjin

Liaoning

2015

N

Hainan

Guangdong

Fujian

Zhejiang

Shanghai
Jingsu

Shandong
Hebei

Beijing
Tianjin

Liaoning

2019

N

Hainan

Guangdong
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Zhejiang
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Figure 1: Spatial Distribution map of comprehensive Tourism efficiency (part).
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presenting values of 4.862 (p< 0.01), 1.076 (p< 0.1), −0.641
(p< 0.05), and −0.656 (p< 0.1), respectively. ,e more the
tourism industry is valued by the eastern provinces and
cities, the more easily the development of the tourism in-
dustry will produce economies of scale and form a “magnetic
field effect,” such as talent, funds, and technology, which can
not only optimize the industrial structure but also further
improve scientific and technological content and technology
and innovation spillovers of the tourism industry. Trans-
portation is not only an important facet of tourism infra-
structure but also an indispensable prerequisite for
promoting the development of tourism. Transportation
conditions greatly affect consumers’ choices of tourism
destinations, which will affect the development of tourism
resources and of the whole tourism industry. Good traffic
conditions can enable tourists to allocate more time and
energy to “having fun” rather than to “travel.” In other
words, developed transportation networks can enhance the
scale effect of tourism activities, help enhance the overall
profits of tourism in specific regions, and improve the
marginal output of tourism reception resources. It is worth

noting that the effects of economic development and in-
formation levels do not pass the significance test. ,e em-
pirical results of this article deviate from the traditional view
that economic foundations and innovation ability must
contribute to the improvement of industrial efficiency and
further confirm that the growth of tourism efficiency in
eastern provinces and cities in the studied period and region
is not mainly derived from regional economic foundations
or driven by innovation. ,e possible reasons for this are as
follows: First, the level of economic development is not
necessarily related to regional investment in tourism or the
construction of tourism development infrastructure; second,
the government-led characteristics of China’s tourism de-
velopment are evident. Compared with those invested in the
primary and secondary industries and in other high-tech
industries, fewer scientific research funds are invested in the
tourism industry, which is considered a typical service in-
dustry. In the absence of external constraints, the scientific
and technological innovation of tourism enterprises is
limited, the application of informatization in tourism is not
sufficient, and the role of informatization is relatively

Table 5: Spatial metrological test results.

Content evaluation methods Inspection methods
Geographic adjacency matrix

Statistics Probability

SAR model and SEM model test

LM-lag test
R-LM-lag test
LM-err test
R-LM-err test

6.1879
2.2481
4.1682
0.2283

0.013
0.134
0.041
0.633

Fixed effect test for spatial Dubin model SFE-LR
TFE-LR

118.5147
15.1073

0.0000
0.1282

Hausman test of SDM model Hausman test 58.2209 0.0000

Simplified test of SDM model

Wald-lag test
LR-lag test

Wald-err test
LR-err test

1.3323
1.4864
2.2124
2.4679

0.9698
0.9604
0.8992
0.8720

Table 6: Spatial metering estimation results.

Variable FE model SAR model

ENCOit
−0.189 −0.185
(0.411) (−0.465)

STATit
4.835 ∗∗∗ 4.804 ∗∗∗
(1.243) (3.989)

RESOit
−0.625 ∗∗ −0.623∗∗
(0.268) (−2.400)

TRANit
1.048∗ 1.052∗
(0.607) (1.789)

HRit
−0.648∗ −1.887 ∗
(0.354) (−1.328)

INFOit
0.136 0.136
(0.102) (1.374)

p −0.031
(−0.275)

Log-likelihood 5.2193
Observations 110 110
Number of province 11 11
R-squared 0.299 0.8100
Note: ∗, ∗∗, and ∗∗∗ indicate significance at the levels of 10%, 5% and 1%, respectively. Statistics are in parentheses.
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limited. ,e effect of tourism resource endowment and the
labour force on tourism efficiency is negative. ,e possible
reasons for this are as follows: the higher the resource en-
dowment is, the more difficult it is to make full use of these
resources, or the richness of tourism resources renders the
problem of resource homogeneity more prominent and
competition for tourism products more intense. ,e latter
occurs because tourism is still a labour-intensive industry,
and the low threshold of tourism employment leads to a
large influx of personnel into the tourism industry. Excessive
labour input is not conducive to the improvement of tourism
efficiency. ,e quality of labour personnel is also an im-
portant aspect that has a different impact on tourism effi-
ciency.,e total spatial spillover effect is similar to the direct
spatial spillover effect. Industrial status (4.772, p< 0.01) and
traffic conditions (1.051, p< 0.1) have a positive effect,
tourism resource endowment (−0.626, p< 0.05) and the
labour force (−0.641, p< 0.1) have a negative effect, and the
level of economic development and informatization do not
pass the significance test.

To eliminate possible endogeneity problems in our data,
the geographic distance spatial weight matrix is used to
replace the geographical adjacency matrix to test the ro-
bustness of the factors that influence tourism comprehensive
efficiency and its spatial spillover effect (Table 8). ,e results
show that the benchmark regression results remain un-
changed, indicating that the robustness test has the ideal
effect.

5. Conclusion and Discussion

5.1. Conclusion. Using the static super efficiency DEA
model, dynamic Malmquist index, and spatial econometric
model, this article systematically analysed the panel data of
11 eastern provinces for 2010 to 2019 and measured levels of
and differences in tourism efficiency in the time and space
dimensions. ,is article further explored the state and

influencing factors of the temporal and spatial differentia-
tion of tourism efficiency in these 11 provinces and cities.
Our specific conclusions are as follows:

(1) From the static data, the average level of tourism
efficiency in eastern provinces for the last ten years is
higher than 1, and it has been at a relatively high level
overall. However, in terms of tourism efficiency in
specific time periods, there are still great differences
in the spatial distribution. ,e leading two cities in
terms of average efficiency, with values of above 1.5,
are Hebei and Tianjin, while Hainan has the lowest
average efficiency level of only 0.588. At the same
time, the efficiency values for different years and
different provinces and cities have been affected by
multiple factors and have changed sporadically,
resulting in no obvious trends in the interior region.

(2) In terms of dynamic index changes, the Malmquist
index of the overall tourism efficiency of eastern
provinces and cities is 1.062 for the past 10 years and
is on the rise. Among the contributions of each index
to the tourism efficiency total factor productivity
index, the change index of technical efficiency is the
highest, the change index of scale efficiency is the
second highest, and the change index of pure
technical efficiency is relatively low. Among prov-
inces and cities, the improvements of the total factor
productivity index in Tianjin, Hebei, Liaoning,
Shanghai, Jiangsu, Zhejiang, and Fujian are jointly
driven by comprehensive efficiency and technolog-
ical progress efficiency, while improvements of the
total factor productivity index in Beijing, Guang-
dong, Shandong, and Hainan are mainly driven by
technological progress efficiency.

(3) From the spatial autocorrelation test and calculation
obtained from a spatial econometric model, the
tourism efficiency of eastern provinces and cities

Table 8: Estimation results of the robustness test.

Effect ENCOit STATit RESOt TRANit HRit INFOit

Direct effect −0.189 4.817 ∗∗∗ −0.623∗∗ 1.080∗ −0.662∗ 0.138
(−0.472) (3.981) (−2.337) (1.840) (−1.956) (1.426)

Indirect effect 0.003 −0.101 0.011 −0.021 0.015 −0.003
(0.055) (−0.194) (0.153) (−0.159) (0.194) (−0.138)

Total effect −0.187 4.717 ∗∗∗ −0.611∗∗ 1.059∗ −0.647∗ 0.136
(−0.475) (3.626) (−2.227) (1.782) (−1.911) (1.402)

Note: ∗, ∗∗, and ∗∗∗ indicate significance at the levels of 10%, 5%, and 1%, respectively. Statistics are in parentheses.

Table 7: Estimation results of direct, indirect, and total effects.

Effect ENCOit STATit RESOit TRANit HRit INFOit

Direct effect −0.180 4.862 ∗∗∗ −0.641∗∗ 1.076∗ −0.656∗ 0.139
(−0.482) (4.006) (−2.460) (1.877) (−1.961) (1.494)

Indirect effect 0.001 −0.089 0.015 −0.025 0.015 −0.003
(0.010) (−0.155) (0.196) (−0.181) (0.181) (−0.152)

Total effect −0.179 4.772 ∗∗∗ −0.626∗∗ 1.051∗ −0.641∗ 0.136
(−0.482) (3.559) (−2.408) (1.837) (−1.910) (1.470)

Note: ∗, ∗∗, and ∗∗∗ indicate significance at the levels of 10%, 5%, and 1%, respectively. t statistics are in parentheses.
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shows obvious signs of temporal and spatial differ-
entiation and spatial correlation for the past decade.
In terms of influencing factors, industrial status and
traffic conditions have a significantly positive effect
on tourism efficiency; tourism resource endowment
and the labour force have a negative effect, economic
development and information levels do not pass the
significance test, and changes in provincial and
municipal tourism efficiency are jointly affected and
driven by a variety of factors.

In summary, the overall tourism efficiency of the 11
eastern provinces and cities studied is relatively high, and the
annual average efficiency level is relatively stable. However,
compared with that in the subdivided regions, tourism ef-
ficiency across the studied provinces and cities varies greatly.
However, overall tourism efficiency is still increasing and
can be further improved in terms of technical, scale, and
pure technical efficiency, especially in provinces and cities
with low efficiency values. Eastern provinces and cities show
obvious patterns of temporal and spatial differentiation in
terms of tourism efficiency and spatial correlation. Industrial
status, traffic conditions, tourism resource endowment, and
the labour force are the main factors driving this
differentiation.

5.2. Discussion. Since the institution of the country’s reform
and opening up policy, China’s tourism has developed
rapidly. Policy support, capital investment, and scientific
planning have in turn undergone more significant progress.
,e healthy development of tourism and change in tourism
efficiency have been affected by multiple factors, including
the development status of provinces and cities, industrial
development maturity, capital investment, the allocation of
resources, and scientific levels [34, 35]. As an important facet
of tourism development quality, tourism efficiency is of
important practical significance for expanding the scale of
tourism development, improving the comprehensive com-
petitiveness of tourism, and realizing the sustainable de-
velopment of tourism. Examining the development and
evolution of tourism efficiency can help tourism in China
develop in a more effective manner. Based on the above
discussion and analysis of tourism efficiency and its de-
composition efficiency in China’s eastern provinces from
2010 to 2019, the following discussion considers efficiency
levels, efficiency changes, and temporal and spatial differ-
entiation and corresponding influencing factors.

(1) For eastern provinces and cities, technical and scale
efficiency influence each other andmore significantly
affect tourism efficiency. ,erefore, existing tech-
nical conditions should be utilized to increase scale
efficiency such that scale and technical efficiency can
be effectively combined to inject improve tourism
efficiency in China’s eastern provinces and cities.

(2) ,ere are significant regional differences in tourism
efficiency across eastern provinces and cities. ,is
unbalanced pattern is closely related to the industrial
status of tourism across provinces and cities, regional

traffic conditions, the development and utilization of
tourism resources, and the absorption of the labour
force. ,erefore, we should pay attention to
changing tourism’s industrial structure and im-
proving the utilization efficiency of resource ele-
ments, constantly improving regional traffic
conditions and the industrial environment, enrich-
ing the workforce, and realizing a more balanced and
consistent development of tourism efficiency in
China’s eastern provinces and cities.

,is study presents some shortcomings, which are as
follows. Due to the complexity and comprehensiveness of
the tourism industry, the selection of input indicators must
be further improved.,e optimization and reorganization of
the spatial network of tourism efficiency is controlled by
multiple factors, but the discussion of the impacts of various
factors on tourism efficiency is still slightly insufficient. In
view of a lack of tourism statistical data, the use of alternative
index data may lead to biased results, which must be
addressed in follow-up studies.
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