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Abstract: Tourism eco-efficiency is an important indicator that has often been applied to measure
the quality of green tourism development. This paper takes the 31 provinces of China as examples
to analyze regional tourism eco-efficiency. By constructing multiple input and output indicator
systems for regional tourism, we estimated the eco-efficiency of 31 provinces in 1997–2016 using an
undesirable output model of a slack-based model (undesirable-SBM) for data envelopment analysis
(DEA). Then, we analyzed the spatial–temporal evolutionary trends and patterns of the eco-efficiency
over 20 years by using the Hot Spot Model and Spatial Center of Gravity Model. Finally, we explored
the driving forces internal and external to the tourism eco-economic system using the Panel Tobit
Regression Model and Geodetector Model, respectively. The results show that: In the last 20 years,
the tourism eco-efficiency of provinces in China declined, though tourism has experienced rapid
but extensive development. The western regions of China, which have better eco-environmental
conditions, and the southeastern coastal regions, which have higher levels of economic development,
have higher tourism eco-efficiency. Regions with lower tourism eco-efficiency show diffusion trends,
while regions with higher tourism eco-efficiency are characterized by a lack of obvious space spillover
effects. Technology is the core driving force of regional tourism eco-efficiency, while traffic conditions
and social civilization levels are key external influence factors leading to improvement of tourism
eco-efficiency. The research results reveal the great significance of laws for sustainable green tourism
development with different economic levels in the different regions. Our work could provide a
reference for similar countries and regions in the world with the rapid growth of tourism or obvious
spatial differentiation in socioeconomic development.

Keywords: eco-efficiency; spatial differentiation; driving forces; undesirable-SBM; regional tourism;
China

1. Introduction

Tourism exerts profound impacts on global sustainable development. In the Sustain-
able Development Goals (SDGs) written in the report of “The 2030 Agenda for Sustainable
Development” issued by the United Nations in 2015 [1], tourism development is directly
relevant to achieving the goals of eliminating poverty, decent work and economic growth,
sustainable cities and communities, industry, innovation, and infrastructure, sustainable
consumption and production, and gender equality. Indeed, the direct contribution of
tourism to the global economy in 2018 encompassed 10.4%, up to 8.8 trillion dollars.
Tourism provided more than 319 million jobs around the world in 2018, about 10% of all
employed people globally [2]. Data show that in the last 20 years, the tourism economy in
China has consistently outpaced gross domestic product (GDP) growth. In 2018, the com-
bined contributions of tourism to Chinese GDP encompassed 9.94 trillion yuan, equivalent
to 11.04% of the national total. The relevant population employed in tourism has reached
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79.91 million people [3]. However, at the same time, the impact of the rapid development
of tourism on the eco-environment cannot be ignored—for example, the much higher car-
bon emissions from tourism [4–7], and the higher energy consumption by tourists [8–11],
and even the great ecological risk [12–14]. Lenzen published an article in Nature Climate
Change in 2018, in which it was found that the growth rate of carbon emissions due to
global tourism is higher than that of economic growth [4]. This is due to the neglect of the
eco-environmental impact of tourism. Therefore, tourism development needs to follow a
green and sustainable development path with a more consideration of its influence on the
eco-environment [15,16], incorporating the use of appropriate tools to measure and guide
tourism development [17,18]. Research of the past has shown that eco-efficiency analysis
can improve the sustainable development capacity of regions [19–23], industries [24–28],
and enterprises [29–33], as this approach encompasses economic growth as well as impact
on the eco-environment [34].

Tourism eco-efficiency analysis integrates two kinds of variables: eco-environmental
impact and economic income [18,35,36]. This approach enables tourism to achieve the goal
of minimizing eco-environmental impact while sustaining economic growth [37,38]. There-
fore, this approach is an effective tool for addressing the development of low-carbon green
tourism [39]. Previous research on tourism eco-efficiency has mainly focused on specific
sectors—for example, a few researchers focus on scenic spots, as the tourism destinations
that usually receive more attention to their eco-environment and eco-efficiency. Tiziana
analyzed the efficiency of cultural heritage on the United Nations Educational Scientific and
Cultural Organization (UNESCO) World Heritage List in Italian regions, and found that UN-
ESCO sites exert opposite effects on the performance of these sites of cultural heritage [40].
Peng analyzed the eco-efficiency of Huangshan National Park in China based on a data
envelopment analysis model, and found that eco-efficiency has improved continuously
since 1980 [35]; moreover, the industrial structure and technical level have significantly
positive impacts on eco-efficiency. Li analyzed the carbon footprint and eco-efficiency
value of scenic spots in Jiangsu province of China, and found that the eco-efficiency of
accommodation was the largest, followed by catering, activities, and transportation [41].
The accommodation sector has also drawn much more attention to its eco-efficiency [42–46].
The study of eco-efficiency mainly emphasizes the eco-efficiency improvements in energy
utilization and resource recycling in accommodation enterprises [47,48]. Maria analyzed
the relationships between hotel and restaurant electricity consumption and tourism, and
found an increasing relationship between them [49]. Pace analyzed the energy-saving
measures of hotels in Malta and found that energy efficiency can be improved through
different energy technologies and combinations of measures [50]. Tourism transportation,
as the largest sector related to tourism, contributes much greater carbon emissions [51–54].
The environmental issues of tourism transportation have received more attention from
researchers, and their eco-efficiency analyses are usually based on carbon emissions [55,56].
The methods for assessing tourism eco-efficiency have mainly included the economy–
ecology single-ratio method and the use of methods and models of indicator systems. The
single-ratio method mainly applies the ratio of tourism income to carbon emissions, energy
consumption, carbon footprint, ecological footprint, and other environmental indicators
to calculate tourism eco-efficiency [37,54,57]. As model analysis has gradually matured
as a method in eco-efficiency research, model analysis of tourism eco-efficiency has also
increased. These applications mainly include the input–output method [58,59], stochastic
frontier analysis, and data envelopment analysis (DEA) models [13,60]. The DEA model
has recently been widely applied; based on a combination of the non-convex metafrontier
model and DEA, Zha measured the changes in the eco-efficiency and eco-productivity of
China’s provincial tourism industries in the period 2005–2015 [18]. Irem applied DEA to
estimate the role of benchmarking and tourism management information systems of urban
tourism development in Europe [61].

The study of tourism eco-efficiency has made some progress both in research methods
and contents over recent years. However, in these studies, tourism eco-efficiency research
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has been largely based on the assessment of a single point in time or on a single dimension
(i.e., single production sector) [62], while the study on the spatiotemporal evolution of
the combination of multiple dimensions (i.e., multiple production sectors) on a long time
series is not enough. Most previous research has emphasized econometric analysis and has
ignored various driving forces under spatial differentiation laws. Because tourism services
and products have spatial flow characteristics, it is of great significance to analyze driving
factors under spatial distribution laws.

This research applied an undesirable output model of a slack-based model (undesirable-
SBM) of DEA to estimate the tourism eco-efficiency included star-rated hotels, travel agen-
cies, and scenic spots as the core tourism sectors. It applied the Hot Spot and Spatial Center
of Gravity Model to analyze the spatial pattern and temporal trends of the tourism eco-
efficiency of the 31 provinces in China. Then, we utilized the Panel Tobit Regression Model
and Geodetector to explore the driving forces and influencing factors of spatial–temporal
differentiation of tourism eco-efficiency. The research results would be provided a reference
for similar regions or countries in the world with the rapid growth of tourism or obvious
spatial differentiation of regional economic and social development.

This paper is organized as follows: Section 2 describes Materials and Methods, includ-
ing the methods of assessment on eco-efficiency, the model of spatiotemporal, and driving
forces analysis. Indicators and data are contained in Section 3. Results are presented in
Section 4. Finally, Section 5 presents the conclusions. (Figure 1)
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Figure 1. The technical route applied for macro-regional tourism eco-efficiency research.

2. Materials and Methods

Energy and water resources were selected as input indicators for the eco-environment,
while SO2, wastewater, domestic waste, and carbon emissions were selected as undesirable
output indicators. Eco-environment indicators were then treated using the tourism separa-
tion coefficient method. Thus, constructing an undesirable-SBM model, we were able to
evaluate the tourism eco-efficiency of 31 provinces in China. We used Spatial Hot Spot and
Spatial Gravity Center analyses to assess the moving track, spatiotemporal evolutionary
patterns, and spatial agglomeration characteristics of tourism eco-efficiency. The Panel
Tobit Regression Model was then used to identify the spatial differentiation of regional
tourism eco-efficiency’s internal driving forces. This enabled us to reveal the main driving
factors for improving the internal operating efficiency of the tourism eco-economics system.
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Thus, the external influencing factors of regional tourism eco-economics were identified as
Geodetector.

The research boundaries of regional tourism applied in this paper include three sec-
tors, star hotels, travel agencies, and scenic spots. These sectors are the direct production
departments of tourism as the core of this system. They also correspond with the main
consumption of tourists at destinations. The definition of tourism is smaller than those
defined by the National Tourism Administration and the National Bureau of Statistics.
Considering data continuity between these sectors and the relative independence of pro-
duction in each case, those tourism products and services are calculated repeatedly using
larger boundaries. This approach enabled us more accurately reflect the objective situation
in operation within the tourism eco-economic system. Therefore, this research mainly takes
star hotels, travel agencies, and scenic spots as boundaries and industry research objects
for tourism eco-efficiency.

2.1. Data Envelope Analysis

We measured the regional tourism eco-efficiency due to construction by applying an
Undesirable-SBM. In this model, each spatial unit includes three factors, specifically inputs,
desirable outputs, and undesirable outputs, expressed as x ∈ Rm, yg ∈ Rs1 , yb ∈ Rs2 . We,
therefore, defined a matrix X, Yg and Yb as follows: [X] = [x1, · · · , xn]

T ∈ Rm×n, [Yg] =[
yg

1 , · · · , yg
n

]T
∈ Rs1×n,

[
Yb
]
=
[
yb

1, · · · , yb
n

]T
∈ Rs2×n, X > 0, Yg > 0, Yb > 0. Thus, the pro-

duction possibility set P can be expressed as follows: P =
{(

x, yg, yb
)∣∣∣x ≥ λx, yg ≤ λYg ,

yb ≥ λYb, λ ≥ 0
}

. This means that the undesirable-SBM can be expressed as follows
[63–65]:

P∗ = min
1− 1

m ∑m
i=1

s−i
xi0

1 +
1

s1 + s2

[
∑s1

r=1
sg

r

yg
r0

+ ∑s2
r=1

sb
r

yb
r0

] (1)

In this expression, s denotes the slack variable of input and output, while λ denotes
the weight vector. The objective function P∗ strictly decreases with respect to s-, sg, and
sb, so 0 ≤ P∗ ≤ 1. In terms of specific units of space, when P∗ = 1 and s- = sg =sb = 0,
the eco-efficiency of a specific DMU will be effective. In contrast, when P∗ < 1 or s- 6= 0,
sg 6= 0 or sb 6= 0, the eco-efficiency of a specific DMU will be inefficient and it will be
necessary to improve input–output variables. This approach enabled us to assess the
tourism eco-efficiency level in each region of China.

2.2. Hot Spot Analysis

The Getis–Ord (Gi*) index, proposed by Getis and Ord, can be assessed in the areas of
sub-regions whose attribute values are significantly different from those of others. This
index is expressed as follows:

G∗i =
∑n

j=1 ϕi,jxj − ( 1
n ∑n

j=1 xj)×∑n
j=1 ϕi,j√

∑n
j=1 xj

n −
(

1
n ∑n

j=1 xj

)2
×

√
n ∑n

j=1 ϕ2
i,j−

(
∑n

j=1 ϕi,j

)2

n−1

(2)

In this expression, xj denotes the attribute value of element j, ϕi,j is the spatial weight
between element i and j, and n is the total number of elements. The Gi* index displays the
spatial location of high (hot spot) or low value (cold spot) clusters. These hot and cold
spots of tourism eco-efficiency around China respectively represent regions with high and
low levels of eco-efficiency.
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2.3. Spatial Center of Gravity Analysis

We used the Spatial Center of Gravity analysis to research the trajectory of tourism
eco-efficiency center of mass and the spatial evolutionary law underlying this phenomenon.
This was expressed as follows:

pi(xi, yi) =

[
∑n

i=1 eeixi

∑n
i=1 eei

,
∑n

i=1 eeiyi

∑n
i=1 eei

]
(3)

In this expression, pi(xi,yi) denotes the barycenter coordinate of the eco-efficiency of
region i, while eei represents the tourism eco-efficiency level in region i.

2.4. Panel Tobit Regression Analysis

The Panel Tobit Regression Model was proposed by Tobin [66,67] and mainly ad-
dressed the construction problem of limited or truncated dependent variables [68]. Thus,
the eco-efficiency measured by the undesirable-SBM in this study is a cutoff value between
0 and 1, so a Panel Tobit Regression Model can be used to identify the driving factors that
affect spatial differentiation of regional tourism eco-efficiency [17,69,70]. This model was
expressed as follows:

y∗it = αxit + εit yit =

{
y∗it, y∗it ≥ 0
0, y∗it ≤ 0

i = 1, · · · , N and t =1, · · · , T εit ∼ N
(

0, σ2
)

(4)

In this expression, i denotes the 31 provinces of China, while t represents different
years, xit is an independent variable, while β is a regression parameter, and εit represents
the disturbance term.

2.5. Geodetector Model

The Geodetector Model was used to analyze the external influencing factors of regional
tourism eco-efficiency. This detects the possible causal relationships between two variables
by verifying the consistency of their spatial distributions. This approach has been widely
used for analyzing the evolution of geographic element patterns and regional spatial
differentiation [71]. Thus, applying the Geodetector principle, this paper introduces the
index q of spatial differentiation determining force on tourism eco-efficiency. We assume
that tourism eco-efficiency in the study region i is y; thus, if we assume that A denotes a
set of factors that may influence the spatial differentiation of tourism eco-efficiency, then
h = 1, 2, . . . , L. Similarly, L denotes the classification number of factors and Ah represents
different types of factor A. It follows that a type h corresponds to one or more spatial
regions. To detect the spatial correlation between factor A and tourism eco-efficiency y, a
tourism eco-efficiency y layer was overlapped onto factor A layer. In the h type of factor A,
the discrete variance of y was recorded as σh

2. This means that the determining force of
factor A on tourism eco-efficiency y can be expressed as follows [72]:

q = 1− 1
nσ2

L

∑
h=1

nhσ
2
h (5)

In this expression, nh denotes the number of samples in type h of factor A (correspond-
ing to one or more sub-regions), while n is the number of all sample areas of study. The
value interval of q is (0,1) and thus the larger the value, the stronger the explanatory ability
of this factor to changes in regional tourism eco-efficiency.

3. Indicators and Data
3.1. Eco-Efficiency Indicators

The evaluation indicator system for tourism eco-efficiency used here includes input
indicators, desirable output indicators, and undesirable output indicators. There are
currently no unified measurement indicators for the selection of input and output factors.
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Thus, based on actual input and output processes of tourism development, we selected
specific measurement indicators. (Table 1)

Table 1. Input–output indicators values of regional tourism eco-efficiency.

The Name of Indicators Unit

Input indicators

Total number of people working in the Tourism
Investment in fixed assets of tourism

Tourism energy input
Tourism water resources input

People
Ten thousand yuan

Ten thousand ton standard coal
Ten thousand ton

Output indicators Revenue from tourism Ten thousand yuan

Undesirable output indicators

Tourism effluent discharge
Tourism waste discharge

Tourism SO2 emission
Tourism carbon emissions

Ten thousand tons
Ten thousand tons

Ton
Ten thousand tons

Input indicators. These variables mainly include labor and capital in traditional
economic systems, as well as energy and water resources in ecosystems. Specifically, the
labor force is the sum of the number of employees in star hotels, travel agencies, and scenic
spots, while the capital indicator is the sum of the original value of these entities’ fixed
assets. Energy input is calculated using the standard coal consumption per unit GDP of
each industry in each region’s energy balance sheet, and then the energy consumption
levels of star hotels, travel agencies, and scenic spots are summed. The input of water
resources is calculated by multiplying the per capita domestic water consumption in each
region by the number of tourists received by star hotels, travel agencies, and scenic spots.
Four indicators were finally selected, the number of tourism employees, the original value
of fixed assets of tourism, the energy consumption of tourism, and the water consumption
of tourism.

Desirable output indicators. Output values of the traditional economic system were
selected as the measurement indicators in this case. This mainly includes the sum of the
income of star hotels, travel agencies, and scenic spots.

Undesirable output indicators. These variables include wastewater disposal, garbage
discharge, SO2, and carbon emissions. The calculation method used for these indicators is
the same as that used for water resource inputs. Carbon emissions were calculated using
energy data following IPCC international standards.

Fixed asset investments and the income of the tourism were disposed of by constant
fixed asset prices index and consumer price index based on 1997 values, respectively.

3.2. The Panel Tobit Regression Model Indicators

Tourism is a typical eco-economic system; the internal driving forces can include
the industry scale, the eco-environment protection technology, the capital for running
the system, and the internal tourism structure. This paper selects several indicators of
encompassing scale, structure, capital, and technology effects to verify the underlying
tourism eco-efficiency driving forces.

Scale-driven effect. This effect is mainly expressed in the form of total tourism income
(TI) and the total number of tourists (TP). Tourism income and the total number of tourists
represented the whole, including the star hotels, travel agencies, and scenic spots and
included transportation, shopping, entertainment, and other relevant economic sectors.
Moreover, compared with research boundaries of tourism eco-efficiency, total tourism
income, and the total number of tourists within a larger boundary can more reasonably
reflect the total operation of regional tourism eco-economic systems. This approach can
also comprehensively reflect the impact of the overall scale on the input–output relation-
ship seen within the tourism eco-economic system. Thus, if the boundary is still small,
duplication phenomena that may occur in system operation will be ignored, leading to
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scale effects. Therefore, we analyze scale-driven effects of tourism eco-efficiency using
larger boundary tourism income and the number of tourists.

Structure-driven effect. This effect is mainly measured using the income share of star
hotels (HS). This effect mainly considers the proportional relationship of core economic
entities within the tourism eco-economic system. In terms of the general law of tourism
development, the proportion of the core economic entities in different stages of develop-
ment can be changed. This means that in different development stages, the structure of
different sectors might impact the tourism eco-economic system. Therefore, we used the
proportion of star hotels income to total revenue to express the structure effects of tourism
eco-efficiency.

Capital-driven effect. This effect is mainly measured based on the amount of capital
investment per unit of tourism revenue (RI). Thus, as the economic system, the impact of
capital input on tourism is apparent. However, the direction of the capital impact on the
tourism eco-economic system is not sure. Whether higher capital input cloud improves,
the tourism eco-efficiency needs to be further verified. We mainly use the original value of
fixed capital per unit income in this analysis to measure the capital-driven effects of capital
investments.

Technology-driven effect. This effect is mainly measured values of energy input
(EI) and domestic water consumption (WI) per unit of tourism income. This technology-
driven effect should also incorporate the technical level of eco-environmental protection
in eco-economic tourism operations. The energy input can comprehensively reflect the
technical efficiency level of unit capital, indirectly reflecting carbon emissions efficiency
level. Water consumption per unit capital can reflect the unconventional economic behavior
and technical efficiency of tourism in terms of ecological resource use.

3.3. The Geodetector Model Indicators

The influencing factors of tourism eco-efficiency are attributed to the influence and
disturbance from the outside of the tourism eco-economic system. We can analyze the
socioeconomic environment that is closely related to the tourism eco-economic system,
including levels of economic development, the degree of industrial structure optimiza-
tion, urbanization, natural resources, low-carbon production, environmental protection,
degree of opening up, scientific and technological development, and the degree of social
civilization and traffic conditions.

The level of economic development is mainly expressed in terms of per capita GDP
(yuan), the degree of industrial structure optimization is mainly expressed by the propor-
tion of tertiary industry (%), the level of urbanization is expressed by the proportion of
the urban population (%), the level of natural resources is expressed based on per capita
water resources (tons), the level of low-carbon production is expressed via energy con-
sumption per unit GDP, and the level of environmental protection is expressed based on
SO2 emissions per unit GDP. Similarly, the degree of social civilization is expressed via the
number of students in ordinary colleges and universities (unit: 10,000), traffic conditions
are expressed via highway mileage (unit: 10,000 km), degree of opening up is expressed
via the total amount of foreign-invested enterprise at year-end (unit: million US dollars),
and the level of scientific and technological development is expressed via the total amount
of postal and telecommunications business per capital (yuan). The per capita GDP, energy
consumption per unit GDP, SO2 emissions per unit GDP, and total post and telecommuni-
cations business per capital were disposed of by constant consumer price index based on
1997 values. The regional tourism eco-efficiency was analyzed using a level lattice, and the
factors were divided into ten classes using the natural breakpoint method. Take 2016 as an
example—shown in Figure 2.
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3.4. Data Sources

The income of tourism sectors, number of employees, original values of fixed assets,
per capital stays for international tourists, rental rates for star hotels, number of tourist
attractions, number of international tourists with travel agencies, and the number of do-
mestic tourists with travel agencies were all based on values taken from the China Tourism
Statistical Yearbook from 1998 to 2017. Similarly, data for per capita water consumption,
the total energy and added value of other industries, and the added value of wholesale
and retail accommodation catering industries and total energy of wholesale and retail
accommodation catering industries, per capita wastewater discharge, per capita garbage
discharge, and per capita SO2 emissions were all extracted from China Statistical Yearbook
and China Environmental Statistics Yearbook from 1998 to 2017.

4. Results
4.1. The Overall Evolution of Regional Tourism Eco-Efficiency of China

We calculated the tourism eco-efficiency of 31 provinces in China in the period 1997–
2016 using undesirable-SBM. Results show in the last 20 years, the tourism eco-efficiency in
China has decreased. (Figure 3) The spatial variation coefficient was about 0.4, remaining
relatively stable, while the spatial difference in 2010 revealed a significantly higher trend.
This means that the 2008 Olympic Games also impacted the spatial differentiation of re-
gional tourism eco-efficiency. Indeed, in the last 20 years, as a new growth pole to stimulate
the economy and expand domestic demand, tourism has attained a rapid development
with a growth rate of about 20%. However, tourism eco-efficiency has tended to follow
a general downward trend. This shows that the input–output efficiency of the tourism
eco-economic system is decreasing, and environment and ecology elements are not reason-
ably allocated. The rapid economic growth led to a worse impact on the eco-environment.
Moreover, the influence on the eco-environment has intensified annually, leading to a
declining trend in eco-efficiency.



Sustainability 2021, 13, 280 10 of 23

Sustainability 2021, 12, x FOR PEER REVIEW 10 of 23 

 

Figure 3. Evolution and spatial variation in tourism eco-efficiency from 1997 to 2016. 

4.2. Spatial Patterns on Regional Tourism Eco-Efficiency 
4.2.1. Characteristics 

The tourism eco-efficiency of each province in China was divided into five levels 
from low to high. Thus, 0.00 < tourism eco-efficiency (TE) < 0.40 denotes an inefficiency 
area, 0.41 < TE< 0.60 denotes a low efficiency area, 0.61 < TE< 0.80 denotes an area to be 
improved, 0.81 < TE< 0.99 denotes a relatively high efficiency area, and TE = 1 denotes a 
high efficiency area. 

High eco-efficiency regions for tourism are generally distributed in regions with 
good eco-environmental backgrounds or high levels of economic development. (Figure 4) 
From 1997 to 2016, provinces with higher tourism eco-efficiency values appeared in the 
western regions where the eco-environment background is better, and in the southeastern 
coastal area where the economic developmental level is higher. Qinghai, Tibet, Ningxia, 
and Chongqing were the highest efficiency areas in the last 20 years, while Beijing, Shang-
hai, Guangdong, and some southeastern coastal areas also have certain advantages with 
relatively high efficiency, and Sichuan and Yunnan were advantageous regions for tour-
ism development, as their eco-efficiency were relatively high. The remaining areas occur 
in low eco-efficiency regions. Overall, the spatial tourism eco-efficiency conforms to a 
high-efficiency belt in some western and southeastern coastal regions, a medium effi-
ciency belt in central and western regions, and a low-efficiency zone in northern China. 

The spatial distribution characteristics of tourism eco-efficiency of 31 provinces in 
China were analyzed for 1997, 2000, 2003, 2006, 2009, 2012, 2014, and 2016. In the last 20 
years, results show that areas with high and relative efficiency values for tourism have 
gradually decreased, while areas of low efficiency and completely inefficient have in-
creased and gradually spread from the north into central and western regions. Four types 
of evolutionary tracks characterize different provinces, an efficiency improvement type 
(e.g., Jilin Province), an efficiency decline type (e.g., Sichuan Province), an inverted U-type 
that rises first and then falls (e.g., Gansu Province), and a positive U-type that falls first 
and then rises (e.g., Fujian Province). 

Figure 3. Evolution and spatial variation in tourism eco-efficiency from 1997 to 2016.

4.2. Spatial Patterns on Regional Tourism Eco-Efficiency
4.2.1. Characteristics

The tourism eco-efficiency of each province in China was divided into five levels
from low to high. Thus, 0.00 < tourism eco-efficiency (TE) < 0.40 denotes an inefficiency
area, 0.41 < TE< 0.60 denotes a low efficiency area, 0.61 < TE< 0.80 denotes an area to be
improved, 0.81 < TE< 0.99 denotes a relatively high efficiency area, and TE = 1 denotes a
high efficiency area.

High eco-efficiency regions for tourism are generally distributed in regions with good
eco-environmental backgrounds or high levels of economic development. (Figure 4) From
1997 to 2016, provinces with higher tourism eco-efficiency values appeared in the western
regions where the eco-environment background is better, and in the southeastern coastal
area where the economic developmental level is higher. Qinghai, Tibet, Ningxia, and
Chongqing were the highest efficiency areas in the last 20 years, while Beijing, Shanghai,
Guangdong, and some southeastern coastal areas also have certain advantages with rel-
atively high efficiency, and Sichuan and Yunnan were advantageous regions for tourism
development, as their eco-efficiency were relatively high. The remaining areas occur in
low eco-efficiency regions. Overall, the spatial tourism eco-efficiency conforms to a high-
efficiency belt in some western and southeastern coastal regions, a medium efficiency belt
in central and western regions, and a low-efficiency zone in northern China.

The spatial distribution characteristics of tourism eco-efficiency of 31 provinces in
China were analyzed for 1997, 2000, 2003, 2006, 2009, 2012, 2014, and 2016. In the last
20 years, results show that areas with high and relative efficiency values for tourism
have gradually decreased, while areas of low efficiency and completely inefficient have
increased and gradually spread from the north into central and western regions. Four types
of evolutionary tracks characterize different provinces, an efficiency improvement type
(e.g., Jilin Province), an efficiency decline type (e.g., Sichuan Province), an inverted U-type
that rises first and then falls (e.g., Gansu Province), and a positive U-type that falls first
and then rises (e.g., Fujian Province).
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4.2.2. Spatial Hot Spot Analysis

We have introduced the Gi* index to analyze spatial patterns in tourism eco-efficiency.
Thus, based on the analysis of the average tourism eco-efficiency level from 1997 to 2016,
the Gi* index results are divided into seven categories according to the significant level of
spatial positive and negative correlation. These include three kinds of cold spot regions
with negative correlation significance of 0.01, 0.05, and 0.1, the region with insignificant
correlation, and the hot spot regions with positive correlation significance of 0.01, 0.05, and
0.1, respectively.

Based on average levels calculated from 1997 to 2016, the only hot spot region in
Qinghai Province where significance passes 0.05, while cold spot regions include Jilin and
Liaoning provinces and Inner Mongolia. (Figure 5) These regions that the cold spots with
significance levels pass the 0.05 test or 0.1 test. The other provinces are not significant.
Thus, from a temporal evolutionary perspective, the cold spot provinces tend to be mainly
concentrated in Northeast China and Inner Mongolia. It shows that hot spots have shifted
from Southwest China to Northwest Qinghai Province, and both cold and hot spots’ spatial
significance has decreased annually. Further, there are no significant hot or cold spots
that remained in China by 2012. This result means that the overall average value of
tourism eco-efficiency is declining and there are no obvious areas of either advantage or
disadvantage. This result also shows that tourism low eco-efficiency has spread nationwide
and that there is a certain trend towards balanced development related to the fact that
this eco-economic system is essentially open and mobile. Various factors frequently flow
within this eco-economic system in different scales of the space; as tourism has developed
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in recent years, investment in transportation infrastructure has also increased, especially
in railway transportation construction. Flows of people, logistics, and capital circulate all
over the country. Tourism has greatly developed in all parts of China and is no longer
concentrated in a few provinces with the advantages of tourism resources. Provinces with
obvious eco-efficiency advantages also tend to be mediocre in terms of their operation of
tourism eco-economic systems.
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4.2.3. Spatial Center of Gravity Analysis

From Formula (3), the spatial gravity center trajectory for China’s tourism eco-
efficiency from 1997 to 2016 can be calculated. This trajectory reflected the spatial distribu-
tion of input–output rationalization within the tourism eco-economic system and enabled
us to analyze China’s spatial evolution. It has a certain guiding significance for the rational
allocation of factors of the tourism eco-economic system.

From 1997 to 2016, the changing range of tourism eco-efficiency center of provinces
encompasses Henan, Shaanxi, and Hubei provinces in China. (Figure 6) The trajectory
is characterized by a shock transfer from southwest to northeast; the overall movement
range is about 250 km in this case, with north to south amplitude larger than east to west.
It shows that, in terms of tourism eco-efficiency, the difference between the north and
south in China is greater than the difference between east and west. This has also led to
an obvious north to south shift on the gravity center of tourism eco-efficiency. Indeed,
from the perspective of trajectory transfer, the tourism eco-efficiency in the northeast in
China has improved in the last 20 years and has exerted a strong effect on the center. While
in the west, Tibet, Qinghai, Ningxia, and other high-efficiency areas have exerted less
effect on the center. It shows that high efficiencies in the west have tended to exert no
impacts on surrounding areas. Thus, high eco-efficiency areas for tourism, relying on the
eco-environment background, is difficult to drive the development of surrounding areas.
One effective path to steadily improve the regional tourism eco-efficiency is to develop the
tourism economy and reduce the impact on the eco-environment.
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to 2016.

4.3. Analysis of the Driving Forces of the Regional Tourism Eco-Efficiency

The driving mechanism of tourism eco-efficiency is dependent on heterogeneous
spatial factors of regional eco-efficiency, including internal driving forces and external
influencing factors. Internal driving forces exert direct influence on regional tourism eco-
efficiency; they can reflect the input–output relationship of the tourism eco-efficiency. We
used a Panel Tobit Regression Model to recognize the forces driving tourism eco-efficiency.
We have shown that external influencing factors indirectly affect the tourism eco-efficiency,
embodied in the social and economic influences and changes outside of regional tourism
operations, and these exert fuzzy and indistinguishable influences on tourism eco-efficiency.
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The Geodetector Model was used to identify the factors causing differences in regional
tourism eco-efficiency.

4.3.1. Analysis of Internal Driving Forces: A Panel Tobit Regression Model

Internal driving forces controlling regional eco-efficiency include scale, structure,
capital, technology, population, and environmental policy effects [35,73]. Thus, using a
Panel Tobit Regression Model, we have been able to verify the impact of the eight indicators
for four factors (i.e., scale economics, industrial structure, capital, and technological effects)
on the spatial differentiation of the dependent variable—tourism eco-efficiency (TE). Based
on Environmental Kuznets Theory [74], as social income increases, the eco-environment
will deteriorate, which will not improve until the economy reaches a higher level. Thus,
in order to determine the relationship between tourism economic development and eco-
efficiency, the quadratic term of total tourism revenue was incorporated into our Tobit
Model [75]. Tourism revenue was used based on 1997 values, and a fixed price strategy
was applied according to the consumer price index (CPI) for all provinces. In order to
avoid non-stationarity caused by different data dimensions in parameter estimation and
preserve panel data characteristics, we take the natural logarithm of the relevant variables.
Statistical information about variables is presented in Table 2.

Table 2. Statistical characteristics of driving variables.

Variable Average SD MIN MAX

TE 0.7608 0.2601 0.2148 1.0000
lnTI 5.9725 1.6834 −1.4209 9.0772
lnTI2 11.9451 3.3668 −2.8418 18.1543
lnTP 8.7386 1.3833 3.0163 11.1704
HS 0.4781 0.1643 0.0338 0.9412

lnRI 0.5666 0.4877 −1.9690 2.3994
lnEI −1.2807 0.6681 −3.2834 2.1181
lnWI 2.6048 0.6730 −0.5572 4.4247

The Panel Tobit Model used in this research is as follows:
Model 1:

TEit = α0 + α1lnTIit + α2lnTPit + α3HSit + α4lnRI + α5lnEI + α5lnWI + εit (6)

Model 2:

TEit = β0 + β1lnTI2
it + β2lnTPit + β3HSit + β4lnRI + β5lnEI + β6lnWI + εit (7)

Regression results are presented in Table 3.

Table 3. Tobit Regression results for internal driving forces controlling regional tourism eco-efficiency.

Model 1 Model 2
TE Coef. z Coef. z

lnTI −0.0057 −0.22 - -
lnTI2 −0.0014 −0.47
lnTP −0.0658 −1.9 * −0.0544 −1.26
HS 0.0459 0.39 0.0405 0.34

lnRI −0.1139 −2.72 *** −0.1152 −2.75 ***
lnEI −0.3178 −7.92 *** −0.3183 −7.95 ***
lnWI −0.1680 −4.95 *** −0.1682 −4.96 ***
_cons 1.6420 7.21 *** 1.5638 5.3 ***

Log-likelihood −228.4672 −228.3818

Note: ∗ and ∗∗∗ were shown to be significant at 0.1, and 0.01 levels. The regression results summarized here lead to a series of
key conclusions.



Sustainability 2021, 13, 280 17 of 23

First, total tourism revenue and related quadratic terms did not pass a significance
test. This indicates that total tourism revenue and associated quadratic terms exert an in-
significant scale-driven effect on tourism eco-efficiency. Meanwhile, coefficients reveal that
the curve of the relationship between total tourism revenue and tourism eco-efficiency con-
forms to an inverted U-shape, inconsistent with environmental Kuznets’s theory. Previous
research on regional eco-efficiencies has shown that the relationship between eco-efficiency
level and economic scale in regional economic and social development tends to conform
to a typical U-shaped curve. This conforms within Environmental Kuznets Theory. The
results presented here regarding tourism eco-efficiency are different from general analyses
of regional eco-efficiency. This difference also explains why tourism is different from the
general law of economy and society operation. The inverted U-shaped curve generated
here shows that the eco-efficiency level of tourism increases in concert with tourism income
while decreases to a certain extent as this variable goes up. This is consistent with the
results of Lenzen (2018) [4], which shows that as affluence increases, so do the tourism
carbon emissions and tourism carbon emissions grow faster than the tourism growth in
the section overall. This further explains why some economically under-developed regions
like Tibet, Qinghai, and Ningxia also have high eco-efficiency levels and further explain
the declining eco-efficiency in light of the rapid development of tourism for 20 years.
This relationship also indicates that the impact of tourism on the eco-environment will
gradually increase. Therefore, it is very urgent to explore green tourism development. This
insignificant relationship in terms of measurement also states that the developing law of
regional tourism in China is different and that many uncertain factors in the relationship
between tourism and the eco-environment. According to the different development stages,
laws governing tourism development are complex; a tourism green developmental model
should be further explored.

Second, the total number of tourists is another indicator reflecting scale-driven effects.
Based on regression results from our two models, the relationship between the total number
of tourists and the tourism eco-efficiency conforms to a significantly negative correlation.
According to model 1, as the total number of tourists increases by 1%, the level of eco-
efficiency for this sector falls by 0.066%. This further verifies that scale development of
tourism harms eco-efficiency.

Third, the income proportion of star hotels representing the structure driving effect
has an insignificant influence on tourism eco-efficiency.

Fourth, immobilizations of per unit tourism income represent a capital-driven effect
and exert a significant and negative impact on eco-efficiency. Data shows that each 1%
increase in capital investment causes a decrease of 0.114% in eco-efficiency, greater than the
impact of the total number of tourists. This shows that capital investment in tourism does
not play a positive role in the operation of the eco-economic system. In other words, tourism
investment plays no guiding role in sustainable development, and this investment structure
is badly in need of optimization. Changing the negative effect of tourism investment on
the tourism eco-efficiency and improving the level of tourism green financial services are
the key points of sustainable development of tourism.

Fifth, data shows that energy input and water consumption per unit of tourism income
represent technology-driven effects and are all negative indicators. Thus, the higher the
values for energy and water consumption, the higher the technical indicator will be, while
the lower the indicators are, the higher the technical level. The regression model presented
here shows that the relationship between the two indicators and tourism eco-efficiency
is negative; thus, the higher the eco-environment protection level, the higher the tourism
eco-efficiency. Results show that with technology improved, the research and development
(R&D) and the introduction of energy-saving and emission reduction technologies in
tourism products and services should be strengthened. The positive impacts of technology
R&D on tourism eco-efficiency should also be expanded.

Based on the Panel Tobit Regression analysis, the forces driving tourism eco-efficiency
can be divided into positive driven technology effect, negative driven scale effect, and
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capital effect. This also highlights the fact that improvements in technology mainly realize
internal driving factors. Technology enhancements can reduce the negative impacts of
capital and scale effects.

4.3.2. Analysis of External Influencing Factors: A Geodetector Model

External factor coefficients of regional tourism were calculated using the Geodetector
Model (Table 4).

Table 4. Geodetector q statistics of external factors affecting the eco-efficiency of the tourism industry.

Year F1 F2 F3 F4 F5 F6 F7 F8 F9 F10

1997 0.5437 0.6236 0.4169 0.3364 0.5282 0.3378 0.4349 0.6286 0.5110 0.5697
1998 0.5532 0.5329 0.6115 0.4469 0.4071 0.4860 0.6404 0.7393 0.6041 0.3745
1999 0.6300 0.4560 0.3495 0.4209 0.3245 0.3425 0.4375 0.6731 0.1003 0.4543
2000 0.3754 0.5275 0.4294 0.3237 0.5995 0.5227 0.7649 0.6381 0.2206 0.3527
2001 0.5227 0.5574 0.5050 0.4088 0.6853 0.4012 0.6766 0.5507 0.2663 0.2912
2002 0.3689 0.3674 0.4059 0.4250 0.2658 0.5111 0.4511 0.2834 0.1464 0.5130
2003 0.2420 0.5369 0.3039 0.6622 0.2276 0.5804 0.3236 0.3474 0.6704 0.4575
2004 0.6878 0.4338 0.4725 0.5723 0.1643 0.6156 0.4407 0.4479 0.6785 0.5576
2005 0.6834 0.2922 0.3228 0.4687 0.3014 0.6448 0.4833 0.7927 0.7792 0.5817
2006 0.5354 0.4564 0.2970 0.5926 0.5927 0.4978 0.4746 0.6973 0.5154 0.5834
2007 0.6153 0.4340 0.5037 0.4729 0.4162 0.5428 0.3931 0.7533 0.4965 0.5804
2008 0.5691 0.4927 0.3193 0.4459 0.6775 0.6936 0.4875 0.6446 0.3901 0.4363
2009 0.3286 0.4211 0.5340 0.3516 0.4531 0.5101 0.3471 0.5661 0.5855 0.4794
2010 0.2773 0.5680 0.4084 0.6333 0.7648 0.3431 0.7127 0.6108 0.7332 0.4769
2011 0.3765 0.5470 0.5397 0.4597 0.6303 0.3367 0.4930 0.7049 0.4689 0.6095
2012 0.4046 0.5234 0.6731 0.4220 0.5837 0.2994 0.5727 0.8424 0.4373 0.3220
2013 0.3317 0.4481 0.5874 0.5662 0.3562 0.4478 0.7946 0.7452 0.7262 0.1985
2014 0.4196 0.6371 0.5509 0.5141 0.3721 0.4952 0.7660 0.7663 0.2587 0.2032
2015 0.2796 0.6249 0.5759 0.5907 0.4661 0.5179 0.7548 0.7644 0.3619 0.4830
2016 0.3753 0.5750 0.6028 0.5970 0.3061 0.4836 0.7516 0.7771 0.2096 0.8604

Average 0.4560 0.5028 0.4705 0.4856 0.4561 0.4805 0.5600 0.6487 0.4580 0.4692

Note: F1 expresses Per capital GDP, F2 expresses Proportion of tertiary industry, F3 expresses Urban population proportion, F4 expressed
Per capital water resources, F5 expressed Energy consumption per GDP, F6 expresses SO2 emissions per GDP, F7 expresses Number
of college students, F8 expresses Highway mileage, F9 expresses Total foreign investment, F10 expresses Post and telecommunications
per capital.

Geodetector analysis results allow several key conclusions.
First, from the perspective of average contribution level over the past 20 years, the

Geodetector q statistics of tourism eco-efficiency of the highway mileage, the number of
college students, and the proportion of tertiary industries are relatively high, respectively
showing 0.6487, 0.5600, and 0.5028. It shows that the traffic conditions, degree of social
civilization, and industrial structure represented by the above three variables are the three
main external factors that influence tourism eco-efficiency.

Second, regarding the impact of various factors, the economic development level
indicator’s impact reached the maximum in 2004, however, with the overall trend of
decline. The indicator curve for the influence of industrial structure is U-shaped, and the
optimization of the industrial structure has a positive effect on tourism eco-efficiency. The
positive effect of urbanization on the tourism eco-efficiency has also increased over time,
while the effect of natural resources remains insignificant but has increased. The impact
of low carbon production level on the tourism eco-efficiency reached a peak of 0.7648 in
2010, fluctuating overall, while the impact of environmental protection level also fluctuates,
reaching a peak of 0.6936 in 2008. Social civilization degree and traffic conditions have
been playing obvious growing positive effects on tourism eco-efficiency. The influence
of the degree of opening up to the outside world was not significant, however, and has
also fluctuated over time, reaching a peak of 0.7792 in 2005. The impact of science and
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technology development level on tourism eco-efficiency has not been significant and has
also fluctuated, reaching a peak of 0.8604 in 2016.

Third, traffic conditions and the degree of social civilization have been key factors
leading to improvements in tourism eco-efficiency. Indeed, in recent years, industrial struc-
ture has significantly impacted tourism eco-efficiency while economic development has not
played a significant role but remains important. Scientific and technological developments
also have great potentials to enhance tourism eco-efficiency, as does urbanization level.
Additional external factors have been less significant regarding the ecological efficiencies of
tourism. Future research should focus on promoting interactions between tourism and key
influencing factors, improving the comprehensive utilization of these variables on tourism,
and further promoting this eco-economic system’s sustainable operation and development.

5. Conclusions

This paper has analyzed the tourism eco-efficiency of the 31 provinces in China from
a macro-regional perspective of the 20 years from 1997 to 2016. We have systematically
analyzed the spatial distribution, hot spots, and center of gravity of Chinese regional
tourism eco-efficiency. We have also analyzed the internal driving forces and external
influencing factors on tourism eco-efficiency. This research leads to several key outcomes.

Over the period from 1997 to 2016, the overall tourism eco-efficiency of 31 provinces
in China has trended downward. The rapid development of tourism has not made up for
impacts on the eco-environment. Results show that tourism remains in a stage of extensive
and rapid development. Tourism eco-efficiency shows an inverted U-shaped development
trend that has increased and then decreased in concert with increases in tourism income.
The results are similar to Maria’s conclusion that there is always a positive correlation
between accommodation and catering electricity consumption in 11 European countries,
tourism is different from other industries in the eco-environment law, and the Tourism
Kuznets Curve hypothesis is not supported [49]. Compared with the other industries,
tourism belonged to the low energy consumption and green low-carbon industry [76].

Provinces with higher tourism eco-efficiency tend to occur in China’s southwestern
regions where the eco-environment is enhanced and in the southeast coastal regions where
the economic development level is higher. The center of gravity fluctuates from southwest
to northeast, and the improvements in tourism eco-efficiency in the northeastern and
north coastal areas of China greatly impact the pattern of national tourism sustainable
development. Provinces that once had obvious advantages have gradually tended to
more medium levels in terms of their operation of tourism eco-economic systems. It is
difficult to form industrial agglomeration in the tourism industry, so it is hard to improve
eco-efficiency through industry agglomeration in space, and the spatial effect is difficult
to engage with. Therefore, high-efficiency areas tend to have no spatial spillover effects,
especially in the high-efficiency areas of the Yangtze River Basin; the tourism eco-efficiency
generally declined in recent years, which is consistent with the existing research results on
the eco-efficiency of tourism in the Yangtze River Basin [17]. However, low-efficiency areas
such as Hebei and Inner Mongolia have some spillover effects into surrounding areas.

In the case of regions that have experienced rapid and extensive development in
tourism, it will be necessary to develop a sustainable development model with technology
at its core. These models will also require the constant optimization of capital and scale
as well as continuous improvements in social civilization and traffic conditions. Capital
effects can change the function and direction of regional tourism eco-efficiencies via capital
support, resource allocation, and enterprise. Technological effects can drive the regional
tourism eco-efficiency by reducing energy consumption, while traffic conditions and social
civilization degrees influence the regional tourism eco-efficiency. Thus, it will be necessary
to systematically build a green financial system for tourism, change the current investment
structure, optimize investment direction, and promote capital so that it plays a positive
role in tourism eco-efficiency. Realizing the reduction of energy consumption in tourism
through technological innovation and technological progress is the core way to improve
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the regional tourism eco-efficiency, applied modern information technology to improve
the level of destination ecological management [61]. A range of countermeasures should
be implemented for people at different consumption levels. Thus, in the case of mass
tourism consumption-oriented scenic spots, the design of low-carbon products, as well as
services and the rational layout of tour routes, are two main approaches to improve eco-
efficiency [16]. Improvements in the social civilization level can also enhance coordination
in the human–land relationship, realizing humanity and nature’s harmonious development.
We should enhance the tourist flow efficiency through the improvement of traffic conditions
by reducing energy consumption levels, and increasing capital accessibility. It will also be
crucial to enhance the regional tourism eco-efficiency via technology and capital effects.

China is the world’s largest tourism source and the world’s top-largest destination. The
rapid development of China’s tourism industry with the huge scale of interregional tourism
activities reflects the characteristics and driving factors of eco-efficiency comprehensively
and typically. At present, global tourism is still in the stage of rapid development. The
comparable developed countries and regions, especially those with the rapid growth of
tourism, are facing the same problem of eco-efficiency optimization and control. The
technical route and control measures of this study can provide a useful reference for
comparable countries and regions around the world. This work would be useful to help
the tourism managers and practitioners of these countries and regions to evaluate the
eco-efficiency of the tourism industry more clearly. We hope this work has some real value
for developing tourism become a real, sustainable industry and contribute more to the
SDGs.
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