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Reducing energy intensity is an important measure to achieve the goal of

“double carbon” and build a beautiful Xinjiang. Selecting the panel data of

14 regions in Xinjiang from 2010 to 2020, this paper investigates the influence of

digital economy and industrial structure distortion on Xinjiang’s energy intensity

by using dynamic panel data model, spatial Durbin model, intermediary effect

model, and panel smooth transition model. The results show that the digital

economy can reduce the energy intensity, but it has regional heterogeneity. The

industrial structure distortion has significantly increased Xinjiang’s energy

intensity; Digital economy effectively alleviates the industrial structure

distortion, thus curbing energy intensity; The influence of digital economy

on Xinjiang’s energy intensity has intermediary effect and adjustment effect, and

with the improvement of industrial structure distortion, the inhibitory effect of

digital economy on Xinjiang’s energy intensity tends to decline. Therefore, it is

necessary to speed up the development of digital economy, reduce the

industrial structure distortion, strengthen environmental regulation, promote

technological innovation, rationally adjust energy prices, raise the entry

threshold of FDI, expand opening to the outside world, promote the

synchronous scientific development of “four modernizations”, and eliminate

the root causes of industrial structure distortion, so as to reduce energy

intensity.
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1 Introduction

The haze of the COVID-19 epidemic has not faded, and local

military conflicts have emerged one after another in 2022. The

whole world has fallen into an energy crisis, and the energy price

continues to rise, and the energy crisis becomes increasingly

fierce. However, the new generation of information technology,

represented by big data, Internet, blockchain, cloud computing,

etc., has a growing impact on human production and lifestyle,

and is “subverting” the traditional production operation mode

(Shi and Sun, 2022). The extensive production mode with high

energy consumption and low output has been gradually

abandoned, and new technologies and modes with low energy

consumption and high output have gradually become the

mainstream. Digital economy has a huge impact on energy

consumption and energy intensity. During the 34th collective

study of the Political Bureau of the CPC Central Committee, Xi

Jinping stressed that “wemust stand at the height of coordinating

the overall strategy of the great rejuvenation of the Chinese

nation and the great changes in the world unseen in a century,

and coordinating the domestic and international overall situation

and the development and security. It is necessary to give full play

to the advantages of massive data and rich application scenarios,

promote the deep integration of digital technology and the real

economy, enable the transformation and upgrading of traditional

industries, give birth to new industries, new formats and new

models, and continuously strengthen and optimize my country’s

digital economy.” The Xinjiang government attaches great

importance to the development of digital economy, and has

successively compiled the “14th 5-Year” Development Plan of

Digital Xinjiang in Xinjiang Uygur Autonomous Region and

Development Plan of Digital Economy in Xinjiang Uygur

Autonomous Region during the “14th 5-Year” Plan, which

have effectively promoted the development of digital economy

in Xinjiang. As the most active part of economic development, it

shows great development potential. According to Xinjiang

Digital Economy Development Research Report (2021), from

2016 to 2021, the scale of digital economy in Xinjiang increased

from 2,048.68 billion yuan to 4,255.70 billion yuan, with an

average annual growth rate of 17.95%; The proportion of digital

economy in GDP in Xinjiang has increased year by year, from

21.30% in 2016 to 27.36% in 2021, an increase of 6.06 percentage

points (Chen, 2022). The position of digital economy in

Xinjiang’s economic development is more and more stable,

and its supporting role is more and more obvious. Digital

economy has become a new engine of high-quality economic

development in Xinjiang. On 20 November 2020, Xi Jinping

clearly pointed out at the 27th APEC Economic Leaders’Meeting

that the digital economy is the future development direction of

the world, and innovation is the wings of the Asia-Pacific

economy. It is foreseeable that China’s digital economy will

enter a period of faster and stronger development in the

future. Then, will the development of digital economy affect

the energy intensity, thus affecting the realization of the “double

carbon” goal?. Does the digital economy act on energy intensity

directly or through intermediary transmission?. These are all

questions that need to be answered urgently. Therefore, it is of

great theoretical significance and practical value to study the

influence of digital economy and Xinjiang’s energy intensity from

the perspective of theory and reality, and to give practical

countermeasures and suggestions for accelerating the

development of Xinjiang’s digital economy and reducing the

energy intensity.

The structure of the rest of the article is arranged as follows:

The second section is literature review. The third section is

theoretical analysis and research hypothesis. Digital economy

has both direct and indirect effects on energy intensity, and

digital economy affects energy intensity by distorting industrial

structure. Based on this, this paper gives four hypotheses. The

fourth section is research design, introducing sample selection

and data source, selection and description of variables,

descriptive statistics, and benchmark regression model design;

The fifth section is empirical analysis, including global regression

analysis, spatial spillover effect analysis, robustness test and

regional heterogeneity analysis. The empirical results show

that as long as there are differences in labor productivity

among industries, it will inevitably lead to distortion of

industrial structure, and then affect energy intensity. However,

digital economy can effectively alleviate the distortion of

industrial structure and curb energy intensity. The sixth

section is research on influence mechanism, which expounds

intermediary effect model design and estimation result of

adjustment effect and verifies that the influence of digital

economy on energy intensity may be conducted through the

distortion of industrial structure. The last section is the research

conclusion and suggestions.

2 Literature review

2.1 Research on the influence of digital
economy on energy intensity

Currently, academic circles and decision-making

departments are paying more and more attention to the

impact of the application of digital economy on energy

intensity. From the existing research, there are different views.

Some studies believe that the wide application of digital economy

will inevitably increase energy consumption. Heddeghem et al.

(2014) point out that the energy consumption in 2012 including

the global communication network, personal computer and data

center accounted for as much as 4.6%, compared with only 3.9%

in 2009. Wang and Zhu (2021) think that with the arrival of the

“data tsunami”, the direct energy consumption generated by ICT

infrastructure will continue to increase. It is estimated that the

total amount of new electric energy consumption caused by
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China’s new digital infrastructure will reach 187 GW in 2025,

and the power consumption of digital infrastructure will account

for 17.8% of the national power consumption (Chen, 2020).

Other studies believe that although it is obvious that ICT

infrastructure has improved energy consumption, it can’t be

judged that digital economy will definitely increase energy

consumption in the future. Many studies have proved that

ICT has great potential to improve energy efficiency, and ICT

can improve energy efficiency in production and consumption

economy (Romm et al., 2000; Laitner and Ehrhardt, 2008). From

the statistical data, the development of digital economy does not

necessarily increase energy consumption (Kashif et al., 2022). In

developed economies, there is a non-linear negative correlation

between mobile traffic and per capita energy consumption;

Although there is a positive correlation in emerging

economies, per capita energy consumption has not increased

significantly due to the rapid development of digital economy; In

relatively backward economies, the relationship between mobile

traffic and per capita energy consumption is semi-inverted

U-shaped. The statistical results of China’s monthly data also

show that the increase of mobile traffic does not bring the

synchronous increase of power consumption (Wang and Zhu,

2021). Therefore, the digital economy does not necessarily

increase energy consumption.

2.2 Study on the influence of industrial
structure distortion on energy intensity

At present, the developed countries have completely entered

the post-industrialization stage, and the energy intensity is at a

low level. The research on the influence of industrial structure on

energy intensity is no longer the focus of their attention.

However, for most developing countries, the energy intensity

is at a high level, the industrial structure needs to be further

optimized, and the dividend space of structural change is huge.

The influence of industrial structure on energy intensity is still

the focus of attention of developing countries now. 1) The change

of industrial structure reduces the energy intensity. Lewis (1954)

pointed out that too high energy intensity means that the

proportion of secondary industry is too large. To effectively

reduce energy intensity, it is necessary to speed up the

transfer of secondary industry to tertiary industry. Denison

(1967) and Maddison (1987) think that when the production

factors shift from low productivity to high productivity

industries, the total factor productivity will inevitably increase,

which will lead to the adjustment of energy factors among

industries, that is, the structural change will lead to the

decrease of energy intensity, which is also called the

“structural dividend hypothesis”. In order to verify this theory,

some scholars have studied “structural dividend hypothesis” and

reaches a unanimous conclusion that the upgrading of industrial

structure, especially the structural transformation of the

upgrading of the secondary industry, has led to a significant

decline in energy intensity (Liu et al., 1992; Huang, 1993; Ang

and Lee, 1994). Karen et al. (2004) study the changes of China’s

industrial structure, and consider that the upgrading of industrial

structure is the main driving force for the decline of energy

intensity. Wang and Qi (2013) and Li et al. (2014) think that the

change of energy intensity mainly comes from the impact of

industrial structure, and the adjustment of industrial structure

has played an irreplaceable positive role in reducing China’s

energy intensity. Zhang and Pu (2015) think that the change of

industrial structure has regional heterogeneity, and the

optimization of industrial structure in the eastern region is

ahead of that in the central and western regions. The

optimization and upgrading of industrial structure have

indeed promoted the decline of energy intensity. 2) The

TABLE 1 Specific description of research variables.

Variable type Variable name Variable description

Explained variable Energy intensity The ratio of total energy consumption to regional real GDP

Explanatory
variable

Digital economy Comprehensive evaluation index obtained by entropy method

Mediator variable Industrial structure
distortion

Arithmetic square root of the sum of squares of the difference between employment share and output share of the three
industries

Control variable Environmental regulation The ratio of total investment in environmental pollution control to GDP

Technical progress Urban innovation index

Urbanization Proportion of urban resident population to total population

Industrial structure Ratio of added value of tertiary industry to added value of secondary industry

Energy price Retail price index of fuel

Foreign direct investment The ratio of actual foreign direct investment to GDP

Foreign trade The ratio of total imports and exports to GDP

Other variables Human capital Average years of education for people over 6 years old

Population aggregation Number of permanent residents per square kilometer of a city
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change of industrial structure does not reduce the energy

intensity, and even increases the energy intensity. Ian Sue

Wing (2008) reviews the history of American energy economy

in 1980s, and finds that the continuous decline of energy intensity

in the United States is firstly attributed to the optimization and

adjustment of industrial structure, but the impact of industrial

structure change on energy intensity is non-linear, and the effect

of industrial structure on reducing energy intensity becomes less

and less obvious after 1980. Jimenez and Mercado (2014) also

reach the same conclusion that the effect of industrial structure

adjustment on reducing energy intensity is getting weaker and

weaker. Jaruwan C. et al. (2014) think that in different regions

and different development stages, the effect of industrial

structure adjustment on the decrease of energy intensity is

non-linear and unstable, sometimes getting bigger and

sometimes getting smaller, sometimes being positive and

sometimes being negative. Lidia A. et al. (2015) think that the

adjustment of industrial structure has no effect on reducing

energy intensity, and may even have a negative impact. Shi

and Zhang (2003) thinks that the positive effect of industrial

structure upgrading on China’s energy intensity gradually

disappears, and even worsens the energy intensity. Zhang

et al. (2013) points out that, on the whole, the change of

China’s industrial structure has led to the increase of energy

consumption per unit GDP, the reduction of energy efficiency

and the improvement of energy intensity. Lin and Chen (2019)

select provincial panel data from 1998 to 2014 for research, and

find that the distortion of industrial structure caused by the

mismatch between industrial structure and employment

structure resulted in the improvement of China’s energy

intensity.

To conclude, the influence of digital economy and industrial

structure distortion on China’s energy intensity has not yet

reached a consensus, and the viewpoint of supporting digital

economy to reduce energy intensity is in a dominant position.

Empirical studies are mostly concentrated in provincial units,

and the literature on the influence of a certain province’s energy

intensity is extremely rare, and the literature on the influence of

Xinjiang’s energy intensity is basically blank. Compared with the

existing literature, the marginal contribution of this paper may be

as follows: 1) Drawing lessons from the existing research results

and combining with the actual situation of Xinjiang, we will build

a digital economy index system, investigate the influence of

digital economy and industrial structure distortion on

Xinjiang’s energy intensity, and make it better serve the high-

quality development of Xinjiang’s economy. 2) Using dynamic

panel data model, spatial Durbin model and intermediary effect

model to empirically test the influence and mechanism of digital

economy on Xinjiang’s energy intensity, especially using PSTR

model to examine the adjustment effect of industrial structure

distortion between digital economy and energy intensity, which

allows the parameters of the model to change gradually with the

change of conversion variables, better depicts the cross-sectional

heterogeneity of panel data, overcomes the defects of traditional

threshold regression model, and makes the continuous and

smooth non-linear conversion between mechanisms closer to

the reality (Zhang et al., 2007) 3). Combining the industrial share

of the three industries with the employment share to form a

distorted industrial structure system, which is used as an

intermediary and adjustment variable to investigate the

inhibitory effect of digital economy on Xinjiang’s energy

intensity. 4) Putting forward policy suggestions pertinently,

which has certain policy value for Xinjiang to realize the

digital development strategy, curb the distortion of industrial

structure, reduce the energy intensity, and help the overall goal of

Xinjiang’s work.

3 Theoretical analysis and research
hypothesis

The impact of digital economy on energy consumption can

be simply divided into direct energy consumption and indirect

energy consumption. The direct energy consumption of digital

economy includes the energy consumption of infrastructure links

such as digital economy equipment, network, operation, and

manufacturing; Indirect energy consumption of digital economy

includes energy consumption changes caused by energy-saving

effect of digital economy, and energy consumption changes

caused by changes in production and consumption patterns

and even changes in economic structure of digital economy.

3.1 The increase of infrastructure
investment in digital economy industry
has increased the energy intensity

The infrastructure of digital economy industry, such as base

station, network equipment, and data center, has the most direct

impact on energy consumption. In the future, the investment,

production, and operation of digital economy infrastructure will

continue to increase, which will inevitably lead to an increase in

the level of energy consumption. Anders and Tomas (2015)

simulate and predict the possible energy consumption of the

digital economy sector. Under three different situations of high,

medium and low, the proportion of electricity consumption in

the digital economy sector will increase to 6%–21% and 8%–51%

in 2020 and 2030 respectively. If the electricity part of renewable

energy is excluded, the least optimistic situation is that the

contribution of digital economy energy consumption to global

greenhouse gas emissions will be about 23% in 2030. The

calculation method of direct energy consumption of digital

economy (mainly including the energy consumed in the

process of equipment operation, manufacturing, and disposal)

is relatively mature and simple. However, the direct energy

consumption of digital economy reflects the total amount of
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energy consumption caused by using the digital economic

equipment in production or consumption, but cannot reflect

the change of energy consumption caused by the change of

production mode and consumption behavior. Therefore, the

direct energy consumption of digital economy is not the focus

of research, and can even be ignored. Although the direct energy

consumption of digital economy is intuitive, it cannot be

considered that the wider the application of digital economy,

the more energy consumption.

3.2 Indirect energy consumption caused
by digital economy increases energy
intensity

The indirect energy consumption caused by the application

of digital economy is mainly through two mechanisms:

technological progress and economic and social penetration.

First, technological progress. The application of digital

economy improves the efficiency of energy use, resulting in

energy saving effect. At first, the influence mechanism

between digital economy and energy consumption is studied,

the influence of technological change represented by digital

economy on industrial energy demand is discussed mainly.

The main point of view is that energy efficiency can be

improved by increasing intra-industry efficiency, thus

resulting in energy-saving effect. Some think-tank institutions

have also released reports expressing optimism about the energy-

saving effect of the digital economy. For example, Accenture

predicts that the application of digital economy will have 20%

greenhouse gas emission reduction potential in 2030. The most

common example in reality is that intelligent building technology

adjusts the temperature according to the real-time demand of

residents to reduce the energy consumption of air conditioning,

thus producing energy-saving effect. May et al. (2016) propose

that the application of digital economy can promote the

automation of production process, thus reducing the energy

consumption of enterprises and improving energy efficiency.

The second is the penetration of the digital economy into the

economy and society. The penetration of the digital economy

into the economy and society constantly subverts the

“traditional” production and lifestyle, causing the changes of

human preferences and economic and social systems (Greening

et al., 2000; Plepys, 2002), thus changing the structure of terminal

energy consumption, resulting in the transfer effect between

energy consumption departments.

The difference of energy intensity between different

departments leads to the increase or decrease of energy

consumption. For example, although telecommuting and

video conferencing reduce the transportation energy

consumption, online meal ordering, and shopping instead of

home cooking and offline consumption generate transportation

energy consumption. Therefore, the rise of e-commerce has a

wide impact on the energy consumption of the logistics industry

(Hesse, 2002). Some studies even believe that the wide

application of digital economy has changed various paths of

energy consumption, which may lead to a greater indirect impact

of digital economy on energy. The calculation of the impact of

digital economy on energy efficiency is very complicated, and

there are many uncertainties, which objectively leads to the

inability to accurately estimate the impact of digital economy

on the net effect of energy consumption, and then causes the

disagreement of the current research conclusions. For example,

Takase and Murota (2004) think that the application of digital

economy improves energy efficiency, which will be beneficial to

saving the total energy consumption in the future. While the

digital economy industry has improved energy efficiency at the

micro level, it has generally increased the total power

consumption. The main reasons for the disagreement can be

summarized as follows: First, the complexity of the application of

digital economy and the variability of its penetration lead to the

researchers’ inconsistent definition of the effects caused by digital

economy; Secondly, there is a lack of empirical data on how users

interact with the digital economy system, so it is difficult to assess

the ability of digital economy applications to improve energy

efficiency in the micro-field; Thirdly, with the expansion of the

application scope of digital economy, especially the change of

traditional production and consumption patterns, the potential

impact and uncertainty of digital economy on energy

consumption have increased dramatically.

3.3 Digital economy reduces the distortion
of industrial structure, and then
suppresses energy intensity

With the accelerated expansion of a new round of

technological and industrial revolution represented by artificial

intelligence, quantum information and machine learning, the

digital economy has achieved a deeper integration with the real

economy through group breakthroughs, cross-integration and

other ways, and has played an increasingly prominent role in

promoting industrial transformation and upgrading and

supporting the construction of a new development pattern.

Particularly, the digital economy takes data as the key

production factor, which drives the networked sharing,

intensive integration, cooperative development and efficient

utilization of labor, capital, land, technology, management,

and other factors, thus realizing the digital transformation of

traditional industries, promoting the development of emerging

industries and promoting the transformation, and upgrading of

industrial structure. At present, China is still faced with

outstanding problems such as unbalanced industrialization

development, inadequate integration of industrialization and

informatization, and relatively slow process of new

industrialization. Nevertheless, as the economy enters a new
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stage of development, under the double pressure of anti-

globalization and weak scientific and technological innovation

ability, digital economy can help efficiency change, power change

and quality change, and has become an important starting point

for promoting industrial transformation and upgrading and

promoting labor employment. The restraining effect of the

development of digital economy on the industrial structure

distortion has gradually been promoted to a new height. Once

the industrial added value structure deviates from the

employment structure, it will inevitably lead to the distortion

of industrial structure (Qin et al., 2022). However, the demand

for energy among the three industries is quite different, and the

level of energy consumption within each industry depends on the

level of energy consumption and its proportion within the

industry. Obviously, the digital economy can reduce the

distortion of industrial structure, and then restrain the energy

intensity. Therefore, this thesis proposes the following four

hypotheses:

Hypothesis 1: Digital economy significantly reduces the energy

intensity in Xinjiang.

Hypothesis 2: The distortion of industrial structure has

significantly increased the energy intensity in Xinjiang.

Hypothesis 3: Digital economy can effectively alleviate the

distortion of industrial structure, and then curb energy intensity.

Hypothesis 4: Environmental regulation reduces the energy

intensity in Xinjiang.

4 Research design

4.1 Sample selection and data source

In this paper, the balanced panel data of 14 prefectures

(cities) in Xinjiang from 2010 to 2020 are selected as samples.

All the data come from Xinjiang Statistical Yearbook,

Xinjiang Survey Yearbook, Xinjiang Brilliant 70 Years,

China County Statistical Yearbook, China Regional

Economic Statistical Yearbook and statistical bulletin of

14 prefectures (cities). If the above methods still can’t get

the data, moving average method, interpolation method and

trend extrapolation method are used to supplement or refer

to other estimation methods for estimation. The convening

of the first Central Xinjiang Work Forum in 2010 ushered in

an unprecedented opportunity for the all-round

development of Xinjiang, which will inevitably have a

greater impact on all work in Xinjiang. Meanwhile,

considering the availability of data and statistical caliber,

the time windows of all variables in the econometric model

are all from 2010 to 2020.

4.2 Selection and description of variables

4.2.1 The explained variable
Energy intensity is an index that reflects the overall macro

energy efficiency. It is generally expressed by the ratio of total

regional energy consumption to actual GDP (10,000 tons of

standard coal/100 million yuan). Energy intensity and energy

efficiency are reciprocal. The smaller the energy intensity, the

higher the energy utilization efficiency (Table 1).

4.2.2 The core explanatory variable
At present, the most commonly used methods to obtain

comprehensive indicators of digital economy mainly include

principal component analysis, coefficient of variation, and

entropy weight. However, the principal component analysis

method will cause information loss and obscure explanation

(Luo et al., 2022); The standardized value of coefficient of

variation method is close to 0, which may lead to sudden

change of coefficient of variation and low accuracy; Entropy

weight method is relatively objective and has high accuracy (Li

and Zhu, 2020). Therefore, using the practices of Huang et al.

(2019) for reference, the number of Internet broadband users and

the number of mobile phone users at the end of the year, the

number of employees in information transmission, computer

services, and software industries and the income of post and

telecommunications services are selected to obtain the

comprehensive index of digital economy by using the entropy

weight method to process them. Among them, the number of

Internet broadband access users and the number of mobile phone

users at the end of the year reflect the level of digital

infrastructure, whose weight is 0.14; The number of

employees in information transmission, computer service and

software industry reflects the level of digital industrialization,

whose weight is 0.49; Business income of posts and

telecommunications reflects the level of digitalization of the

industry, whose weight is 0.37 (Tang et al., 2021). There are

no units about digital economic index.

4.2.3 The intermediary variable
Industrial structure distortion is measured by industrial

structure distortion index, which is expressed by the

arithmetic square root of the sum of squares of the difference

between employment share and output share of three industries.

The industrial structure distortion index eliminates the

dimension. Although there is no unit, it can be compared in

size, that is, the larger the index, the more serious the industrial

structure distortion will be.

4.2.4 Control variables
Environmental regulation, measured by the ratio of total

investment in environmental pollution control to GDP;

Technological progress, measured by urban innovation index;

Urbanization, Measured by the proportion of urban resident
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population to the total population; Industrial structure, measured

by the ratio of the added value of the tertiary industry to that of

the secondary industry; Energy price, measured by the retail

price index of fuel commodities; Foreign direct investment,

measured by the ratio of actually utilized foreign direct

investment to GDP; Foreign trade, measured by the ratio

of total import and export to GDP. Moreover, all the control

variables have no units.

4.2.5 Other variables
In the robustness test, human capital and population

aggregation are selected as supplementary variables and

replacement variables respectively. Human resources are

measured by the average years of education of people over

6 years old; Population agglomeration is measured by the

number of permanent residents per square kilometer of a city.

4.2.6 Descriptive statistics
All the economic data in this paper are processed based on

the year 2000, and the descriptive statistics of relevant data are

shown in Table 2. In order to improve the validity of the

estimation results, all the variables used in this paper are

treated by natural logarithms. In addition, the

multicollinearity test of explanatory variables is carried out in

this paper, and the results show that the variance inflation factors

are all less than 10, indicating that there is no serious collinearity

of variables.

4.3 Benchmark regression model design

Based on the above theory, the benchmark regression model

in the empirical part of this paper is set as follows:

lnEIit � κ0 + κ1lnDEit +∑ αicontrolit + λi + νt + μit (1)

Among them, i = 1. . .. . .n; EIit is the explained variable,

namely energy intensity;DEit is the explanatory variable, namely

digital economy; controlit is the control variable;α0, α1 and αiare

the parameters; λiis the regional fixed effect; ]t is the time fixed

effect; μit is the random disturbance term.

5 Empirical analysis and test

5.1 Global regression analysis

The benchmark model 1) is tested by Hausman, and the test

results show that the fixed-effect model should be used. In order

to minimize the possible heteroscedasticity, the standard error of

heteroscedasticity-sequence correlation-cross-section correlation

robustness is obtained by the method proposed by Driscoll and

Kraay (1998).

The regression results of linear influence of digital economy

on energy intensity in Xinjiang are shown in Table 3. The

estimation results show that the estimation coefficient of

digital economy is significantly negative statistically, which

indicates that the development of digital economy has

significantly reduced the energy intensity in Xinjiang, which

verifies Hypothesis 1.

Control variables: 1) The regression coefficient of

environmental regulation is significantly negative, indicating

that environmental regulation has reduced the energy

intensity in Xinjiang, which means that improving energy

legislation, increasing law enforcement intensity, forcing

enterprises to adopt advanced technology to improve

production efficiency can reduce total energy consumption

and energy intensity, which verifies Hypothesis 4. 2) The

regression coefficient of technological progress is significantly

negative, indicating that technological progress can effectively

reduce Xinjiang’s energy intensity. 3) Urbanization requires a

TABLE 2 Descriptive statistical results of main variables.

Variables Symbol Mean Std Minimum Maximum

Energy intensity EI 0.62 0.28 0.27 1.71

Digital economy DE 0.07 1.03 0.03 0.16

Industrial structure distortion ID 0.11 0.12 0.02 0.28

Environmental regulation ER 0.85 0.12 0.5 0.99

Technical progress TP 0.97 1.12 0.09 2.15

Urbanization UR 0.58 0.66 0.32 1.00

Industrial structure IS 1.42 1.56 0.11 4.59

Energy price EP 9.44 5.03 1.03 27.45

Foreign direct investment FDI 46.79 42.16 28.44 113.05

Foreign trade FT 28.76 58.76 0.02 366.92

Human capital HK 0.49 0.16 0.09 0.94

Population aggregation PA 4.96 9.74 0.13 19.57
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large number of resources to invest in infrastructure construction

and maintenance, which will inevitably lead to an increase in the

energy demand of urban population while meeting the basic

living needs. Meanwhile, urbanization brings about the

agglomeration of population, capital, technology and other

production factors, resulting in economies of scale, improving

the level of regional economic development, and promoting the

improvement of production efficiency and the reduction of

energy intensity. Therefore, the impact of urbanization on

energy intensity is two-way. Different regions and different

development stages may have different impacts on energy

intensity. As far as Xinjiang is concerned, the regression

coefficient of urbanization level is significantly positive, which

indicates that the promotion of urbanization in Xinjiang has

promoted the energy intensity in Xinjiang. 4) The regression

coefficient of industrial structure is significantly negative,

indicating that the upgrading of industrial structure is an

important factor to reduce the energy intensity in Xinjiang. 5)

The regression coefficient of energy price is significantly negative,

which indicates that an appropriate increase in energy price can

effectively reduce the energy intensity in Xinjiang. 6) The

regression coefficient of foreign direct investment is

significantly positive, which indicates that the current FDI

inflow has brought about the improvement of Xinjiang’s

energy intensity, which proves once again that if developing

countries or regions blindly pursue economic growth and lower

the entry threshold of FDI, they will inevitably become “pollution

shelters” for multinational polluting enterprises. 7) The

regression coefficient of import and export trade is

significantly negative, which indicates that expanding opening-

up can effectively reduce the energy intensity in Xinjiang.

5.2 Spatial spillover effect analysis

Considering that the traditional panel data may ignore the

spatial effect. First, Lagrange multiplier is used to test whether the

spatial panel model or the traditional panel model is selected. The

p-value of Spatial-error and Spatial-lag are both less than 0.1,

which indicates the existence of spatial effect. After the spatial

panel model is selected, the fixed effect and random effect are

selected by Hausman test, and it is found that the fixed effect

model is more appropriate. Second,Wald and LR tests are used to

determine whether spatial Durbin model degenerates into spatial

error model or spatial lag model. Wald and LR tests of spatial

error model and spatial lag model are both significant at 1% level,

which indicates that SDM model cannot degenerate into SAR

model and SEM model. To sum up, SDM model is selected for

model analysis. Furthermore, the explained variable lag period

1 is included in the spatial Durbin model to build a more accurate

dynamic model, and spatial Durbin model and dynamic spatial

Durbin model are built to enhance the accuracy of empirical

results in this paper (Gao and Li, 2021). The spatial effect of

digital economy on Xinjiang’s energy intensity is further

decomposed into direct effect, indirect effect and total effect.

The model is set as follows:

lnEIit � a0 + a1lnDEit + a2lnXit + ρ1 ∑WijlnEIit

+ ρ2 ∑WijlnXit + λi + υt + εit (2)
lnEIit � β0 + β1l.lnEIit + β2lnDIit + β3 ln Xit + ρ1 ∑WijlnEIit

+ ρ1 ∑W ij ln Xit + λi + υt + ηit

(3)
Where ρ in models Eqs 2, 3 is the spatial regression coefficient,

which reflects the spatial dependence of the observed values of

samples; λ is the spatial error coefficient, which reflects the

regional spillover effect caused by the error term of observed

energy intensity;Wijis the element of the spatial weight W of the

spatial panel model. This paper adopts the spatial nested weight

matrix formed by weighting the geographic distance weight

matrix and the economic distance weight matrix. Because

regression analysis with a single weight matrix is usually

accidental, it may lead to deviation to choose any one of

geographic distance weight matrix and economic distance

weight matrix to measure the spatial association between

regions. Specifically, a geographical distance weight matrix Wd

is constructed according to the traffic distance between regions,

where the element ofWd is the reciprocal of the distance between

prefecture-level cities; According to the economic distance

between regions, the weight matrix We of economic distance

is constructed, in which the elementWe is the absolute reciprocal

of the difference of GDP per capita among prefecture-level cities.

Referring to the practice of Shao et al. (2022), a weighted nested

weight matrix of geo-economic space is constructed (Ww =

wWd+(1-w)We, where W is the weight), where W is 0.5. In

TABLE 3 Results of spatial spillover effect.

Static SDM model Dynamic SDM model

Direct effect of LnDI –0.0076*** (0.0018) –0.0035** (0.0016)

Indirect effect of LnDI –0.0021** (0.0010) –0.0002* (0.0001)

Total effect of LnDI –0.0097*** (0.0031) –0.0037** (0.0017)

Notes: The regression results of control variables and constant terms are omitted. The following tables are the same.
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order to improve the reliability of the results, the use matrix is

standardized.

Table 3 shows the spatial spillover effect of digital economy

on Xinjiang’s energy intensity. First, both the static spatial

Durbin model and the dynamic spatial Durbin model in the

direct effect have negative regression coefficients, and they all

pass the 5% significance test statistically, which shows that the

digital economy has a positive effect on the reduction of energy

intensity in this region. Furthermore, the coefficients of both

static spatial Durbin model and dynamic spatial Durbin model in

the indirect effect are still negative, and the significance test at

10% shows that the digital economy has further reduced the

energy intensity level of the surrounding areas through the spatial

spillover effect. However, it is probably because Xinjiang has a

vast territory, the distance between cities is far, and the

information technology and other factors are relatively slow in

regional mobility, and the spatial spillover effect is relatively

weak, and the radiation effect on the surrounding areas is poor,

and the inhibition effect on the energy intensity in the

surrounding areas is weak.

5.3 Robustness test

5.3.1 Model transformation method
Considering that the energy intensity will be affected by the

consumption behavior of the previous period, the lag period of

the explained variable is selected as the explanatory variable, and

the dynamic panel data model is estimated by using the system

GMM. Table 4 shows that the p-value corresponding to AR 1) is

less than 0.1, and the p-value corresponding to AR 2) is greater

than 0.1, which means that there is no sequence correlation in the

error terms of the first-order difference. The p-value

corresponding to the SAR test is 1, which means that there is

no over-recognition of tool variables, all instrumental variables

are valid, and the regression coefficients of digital economy are all

significantly negative, which indicates that digital economy is

helpful to reduce the energy intensity in Xinjiang, and the model

transformation method has no obvious impact on the core

conclusions. To some extent, it can be considered that the

dynamic panel verifies the previous conclusions and proves

the robustness of this conclusion.

5.3.2 Variable substitution method
Urbanization is the process of continuous agglomeration of

production factors from rural to urban space. Population growth

and agglomeration will also bring about an increase in energy

demand. Therefore, the number of permanent residents per

square kilometer, that is, population agglomeration, is used to

replace urbanization, the main control variable in the benchmark

regression model, to re-estimate the model (Table 4). The

estimated results are basically consistent with those of the

original model, which shows the stability of the original

conclusion.

5.3.3 Supplementary variable method
Human capital is the carrier of knowledge and technology,

and high-end technical talents are the driving force of

innovation. Human capital can reduce energy consumption by

encouraging energy-saving innovation. Therefore, human capital

is added to the benchmark regression model to re-estimate the

model, and human capital is measured by the average years of

education of people over 6 years old. The obtained results are

basically consistent with the previous results, indicating that the

obtained conclusions are reliable.

5.3.4 Subinterval estimation
In 2014, the second Central Forum on Xinjiang Work was

successfully held, and “social stability and long-term stability”

was identified as the overall goal of Xinjiang’s work, which

injected new vitality into the all-round development of

Xinjiang. Therefore, the data of 2010, 2011, 2012, and

TABLE 4 Robustness test results.

Model transformation Variable substitution Supplementary variable Subinterval estimation

L.LnEI −0.5689*** (0.1376) — — —

— — —

LnDI −0.0031** (0.0158) −0.0033*** (0.0122) −0.0024** (0.0153) −0.0028*** (0.0146)

Control variable Yes Yes Yes Yes

Region and time effects Yes Yes Yes Yes

N 140 154 154 98

R-squared — 0.5793 0.6894 0.5112

AR (1)-p-value 0.0047 — — —

AR (2)-p-value 0.2955 — — —

Sargan-p-value 1.0000 — — —

Notes: The regression results of control variables and constant terms are omitted. “Yes” means control region and time effects.

Frontiers in Environmental Science frontiersin.org09

Guo et al. 10.3389/fenvs.2022.1036740

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2022.1036740


2013 are ignored, and the model estimation effect of sample

interval from 2014 to 2020 is investigated. It is found that the

model estimation results are consistent with the previous

conclusions, which shows the robustness of the research

conclusions.

5.4 Regional heterogeneity analysis

Xinjiang is divided into northern and southern Xinjiang by

the usual classification method in this paper. The northern

Xinjiang is divided in nine parts, including Urumqi, Karamay,

Changji Hui Autonomous Prefecture, Bortala Mongolian

Autonomous Prefecture, Ili Kazakh Autonomous Prefecture,

Altay, Tacheng, Hami, and Turpan. The southern Xinjiang is

divided in five parts, including Bayinguoleng Mongolian

Autonomous Prefecture, Aksu Prefecture, Kashi Prefecture,

Hotan Prefecture, and Kizilsu Kirgiz Autonomous Prefecture.

Limited by resource endowment, economic foundation, national

characteristics and other reasons, there are not only great

differences in the level of economic and social development in

Xinjiang, but also imbalances and inadequacies in the

development of digital economy. Southern Xinjiang generally

lags behind northern Xinjiang in digital infrastructure, digital

administrative services and digital life services. To study whether

there is regional heterogeneity in the impact of digital economy

on Xinjiang’s energy intensity, Xinjiang is divided into two sub-

samples of northern and southern Xinjiang. The results are

shown in Table 5. It can be found that there is regional

heterogeneity in the influence of digital economy on the

explained variables, which is mainly reflected in the inhibition

of digital economy on energy intensity in northern Xinjiang. The

reason may be that the development foundation and digital

application level of this region are generally good, and its

implementation effect on policy response is better than that in

southern Xinjiang, so the dividends of digital economy can be

released more easily.

6 Research on influence mechanism

6.1 Intermediary effect model design

According to the analysis of the influence mechanism of the

previous research hypothesis, this paper thinks that the influence

of digital economy on energy intensity may be conducted

through the industrial structure distortion. The industrial

structure distortion is inseparable from the output structure

and employment structure. Their influence on energy

intensity is based on the difference of energy intensity in

TABLE 5 Impact of digital economy on energy intensity.

Variables Xinjiang Northern Xinjiang Southern Xinjiang

LnDE –0.0676*** –0.0842*** –0.0234*

(0.0208) (0.0160) (0.0125)

LnTP –0.3547* –0.4542** 0.2455

(0.1915) (0.1993) (0.2306)

LnER –0.2398** –0.2676*** –0.1168

(0.1017) (0.0509) (0.4400)

LnUR 0.2965*** 0.3846*** 0.2179*

(0.0866) (0.0749) (0.1167)

LnIS –0.8217*** –0.9655*** –0.6744***

(0.2371) (0.1880) (0.2256)

LnEP –0.6246** –0.7985*** –0.4685*

(0.2699) (0.1766) (0.2528)

LnFDI 0.3548** 0.6246*** –0.2566

(0.1647) (0.1510) (0.2042)

LnFT –0.9855*** –1.1865*** –0.3256***

(0.3132) (0.2947) (0.1532)

Constant –3.4685 –13.7899 –6.4541

(0.3517) (1.2023) (0.5996)

Region and time effects Yes Yes Yes

N 154 99 55

R-squared 0.5684 0.5122 0.6748

Notes: Steady standard error in brackets. *significant at 10%; **significant at 5%; ***significant at 1%. “Yes” means control region and time effects. The following tables are the same.
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various industries. If the proportion of industries with high

energy consumption in a certain area is large, the energy

intensity in that area is likely to be high; If the proportion of

industries with low energy consumption in a certain area is large,

the energy intensity in that area is likely to be low.

6.1.1 Influence of industrial structure change on
energy intensity

Generally speaking, the energy consumption of the primary

industry is low; The secondary industry is dominated by

industries with high energy consumption, so the demand for

energy is naturally high; The demand for energy in the tertiary

industry is generally small. In the low level of economic

development, the level of production technology is backward,

with the highest proportion of primary industry, higher

proportion of secondary industry and lowest proportion of

tertiary industry. At this stage, the total energy demand is not

high, and the energy intensity is naturally low. With the

continuous improvement of the economic development level,

the industrial structure is gradually upgraded, and the secondary

industry is developing rapidly, taking the lead in surpassing the

primary industry. The total energy demand is increasing, and the

energy intensity is rising accordingly. With the development of

industrialization to a certain level, the industrial structure is

advanced, and the tertiary industry accounts for the largest

proportion. At this time, the total energy consumption

decreases and the energy intensity continues to decline.

Therefore, with the continuous improvement of the market

mechanism, energy flows more fully across regions and

industries. Adjusting the industrial structure within the

industry will affect the three industrial structures, thus

affecting the total energy consumption and finally the energy

intensity. On the other hand, with the progress of technology and

the profit-seeking nature of production factors, energy factors

will be allocated more efficiently among industries. From

industries with high energy consumption and low efficiency to

industries with low energy consumption and high efficiency, the

energy intensity of the whole economy will gradually decrease. Of

course, if the high-energy industries are transferred across

regions, the energy consumption structure in this region can

be optimized, and the energy intensity can also be reduced, but

the energy intensity in other regions may increase.

6.1.2 Influence of labor mismatch on energy
intensity

Industrial structure distortion depends not only on industrial

structure, but also on employment structure. Ando and Nassar

(2017) and Shen et al. (2021) have pointed out that the industrial

structure distortion means that there are differences in industrial

labor productivity. At this time, relative to a certain output scale,

either labor input is too much or labor input is too little, which

has not yet formed the equalization of departmental labor

productivity. Since the late 1950s, due to the formal

establishment of the planned economic system, China’s

urban-rural dual system has basically taken shape, and urban

and rural areas have also become closed units, and the flow of

production factors has been severely restricted. In the rural

agricultural sector, the serious surplus of low-cost rural labor

input makes it impossible to invest in agricultural machinery and

other capital. At this time, the energy intensity of the agricultural

sector is relatively low. On the contrary, compared with the

“expensive” labor force, it is a rational choice for the

manufacturers in the urban industrial sector who pursue

profit maximization to produce a certain output and choose

more capital investment. At this time, the energy utilization of

the industrial sector increases and the energy intensity is

relatively high. Obviously, the urban-rural dual system has

increased the difference in labor productivity between the

traditional agricultural sector and the modern industrial

sector, resulting in the agricultural labor share being higher

than its output share, while the industrial labor share being

lower than its output share, which eventually leads to the

distortion of the industrial structure.

Based on the theoretical analysis and variable setting of

intermediary effect mentioned above, according to the possible

influence path of digital economy on energy intensity, in order to

test whether digital economy will affect energy intensity through

industrial structure distortion, this paper constructs the following

intermediary effect model with reference to the step-by-step

method of testing intermediary effect proposed by Baron and

Kenny (1986) for testing:

lnEIit � κ0 + κ1lnDIit +∑ αicontrolit + λi + νt + μit (4)
lnSDit � β0 + β1lnDIit +∑ βicontrolit +Φi + θt + ψ it (5)

lnEIit � γ0 + γ1lnDIit + γ2lnSDit +∑ γicontrolit +mi + τt + εit

(6)
Among them, lnSDit stands for intermediary variable,

namely industrial structure distortion. κ, α, β and γ are

parameters; λi, φi andmi are individual effects; ]t, θt and τt

TABLE 6 Regression results of intermediary effect.

(1) (2) (3)

LnEI LnSD LnEI

LnDI −0.0676** −0.4377*** −0.0489*

(0.0300) (0.0947) (0.0263)

LnSD — — 0.0427***

— — (0.0125)

Control variable Yes Yes Yes

Region and time effects Yes Yes Yes

N 154 154 154

R-squared 0.5684 0.2478 0.6591
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are time effects; μit, ψit, and ϵit are stochastic errors; controlitis
the control variable.

Table 6 shows the results of the intermediary effect. In model

(1), the digital economy has a significant impact on energy

intensity. Under the condition that other factors remain

unchanged, the energy intensity decreases by 0.0676% on

average for every 1% increase in the development of digital

economy; In model (2), the influence of digital economy on

the industrial structure distortion is significant. Under the

condition that other factors remain unchanged, for every 1%

increase in digital economy, the distortion of industrial structure

decreases by 0.4377% on average; In model (3), the influence of

industrial structure distortion on energy intensity is significant.

The distortion of industrial structure significantly increases the

energy intensity in Xinjiang, which verifies Hypothesis 2. The

symbols of each coefficient in the model are completely

consistent with the theoretical symbols expected in the model

construction. According to the conclusions in the model

construction, Sobel test is not required. Meanwhile,

because the digital economy in model 3) has a significant

impact on energy intensity, and the symbol of the product of

the coefficient of DI in model 2) and the coefficient of SD in

model 3) is the same as that of DI in model (3), it shows that

there is some intermediary effect. Specifically, for every 1%

increase in digital economy, the energy intensity will directly

decrease by 0.0676%, and at the same time, resulting in the

industrial structure distortion decreasing by 0.4397%, and

then the energy intensity will decrease by 0.0187%

(−0.4397*0.0427). Obviously, the intermediary effect will

account for 27.65% of the total effect. Therefore, digital

economy can effectively alleviate the industrial structure

distortion, and then curb the energy intensity, which

verifies Hypothesis 3.

6.2 Estimation result of adjustment effect

In order to further clarify whether the intermediary variable

of industrial structure distortion will affect the transmission path

of digital economy to Xinjiang’s energy intensity, this paper

further analyzes this problem by using the Panel Smooth

Transition Regression.

The Panel Smooth Transition Regression (PSTR) proposed

by González et al. (2017) is a further extension of the panel

threshold regression model (PTR) (Hansen, 1999), which can

better describe the cross-sectional heterogeneity of panel data. By

introducing a continuous transition function instead of the

discrete explicit function in PTR, PSTR model allows the

parameters of the model to gradually transform with the

change of transformation variables, which makes the

continuous and smooth non-linear transition between

mechanisms closer to the reality (He et al., 2011). A simple

PSTR model can be expressed as:

yit � αi + β0xit + β1xitg(qit ; r, c) + εit (7)

where i= 1,2 . . ., N represents the number of samples, t= 1,2 . . ., T

represents time; yit and xit represent vectors of explained

variables and explanatory variables respectively; αi represents

individual effect; it represents stochastic error with zero mean

and the same variance; β0 and β1 represent explanatory variable

coefficients; g(qit ; r, c) is a continuous bounded function with the
observable variable qit as the transition variable. The existing

studies mostly sets g(qit ; r, c) as Logistic function, and the

specific expression is as follows:

g(qit ; r, c) � ⎧⎨⎩1 + exp⎡⎢⎢⎣ − r∏m

j�1(qit − cj)⎤⎥⎥⎦⎫⎬⎭
−1
, r ≻ 0, c1 ≤ c2 ≤ ...≤ cm−1 ≤ cm

(8)

Among them, c represents the location parameter where the

transition takes place; m represents the dimension of the position

parameter; r is a smoothing parameter, and its value directly

affects the smooth transition speed of g(qit; r, c).
Before the parameter estimation of PSTR model, it is

necessary to determine the number of r of the transition

functions. If r = 0, which indicates that the model has no

non-linear system conversion effect, so it is unnecessary to

use PSTR model for estimation; If r ≥ 1, PSTR model should

be adopted.

As can be seen from Table 7, under the significance level of

10%, the model with industrial structure distortion as the

transition variable reject the original assumption of the linear

model. The model has significant non-linear characteristics,

indicating that the energy intensity has significant

heterogeneity. The test results tend to choose the PSTR model

with a transition function, so it is finally set as the following PSTR

model:

lnEIit � αi + β0lnXit + β1lnXitg(SDit ; r, c) + εit (9)

Next, parameter estimation is carried out. In the calculation

process, the grid search algorithm is used for the optimization of

non-linear least squares (NLS), and the maximum number of

iterations is set 10,000. The estimated results of parameters are

shown in Table 8.

Table 8 shows that the position parameter c of non-linear

transition of the model is 0.0932, namely the threshold of

industrial structure distortion is 0.0932. The speed parameter

r of the model for smooth transition between high and low

regime is 0.6974. When the industrial structure distortion index

is low, the elasticity of digital economy to Xinjiang’s energy

intensity is negative and statistically significant. Specifically,

when the industrial structure distortion index is less than

0.0932, for every 1% increase in the digital economy, the

energy intensity will decrease by 0.0927% on average.

However, with the transition of industrial structure distortion

index mechanism, the inhibition intensity of digital economy on

Xinjiang’s energy intensity has gradually decreased, and its
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significance has also declined gradually. It can be seen that the

industrial structure distortion plays a significant negative role in

regulating the impact of digital economy on Xinjiang’s energy

intensity.

7 Conclusions and policy
recommendations

7.1 Conclusions

This paper selects the regional panel data of 14 prefectures

and cities in Xinjiang from 2010 to 2020, and takes the industrial

structure distortion as the intermediary variable and adjustment

variable to empirically investigate the influence of digital

economy and industrial structure distortion on Xinjiang’s

energy intensity. The main findings are as follows: First,

digital economy can restrain Xinjiang’s energy intensity, but

there is regional heterogeneity, which has a significant

inhibition effect on northern Xinjiang’s energy intensity and a

relatively weak inhibition effect on southern Xinjiang’s energy

intensity; Second, due to the imperfect market mechanism, there

are barriers to the flow of production factors, which leads to the

differentiation of labor productivity in industrial sectors, and the

industrial structure distortion comes from the imbalance of labor

productivity among industries. As long as the industrial structure

is distorted, the inefficiency of resource allocation will inevitably

exist, and Pareto optimality will not be realized. The industrial

structure distortion has significantly increased the energy

intensity in Xinjiang. Third, the digital economy effectively

alleviates the distortion of industrial structure, thus curbing

the energy intensity; Fourth, the environmental regulation has

negative effect on energy intensity in Xinjiang, which suggests

that improving energy legislation, increasing law enforcement

intensity, forcing enterprises to adopt advanced technology to

improve production efficiency can reduce energy intensity. Fifth,

the influence of digital economy on Xinjiang’s energy intensity

has intermediary effect and adjustment effect, and with the

improvement of industrial structure distortion, the inhibitory

effect of digital economy on Xinjiang’s energy intensity tends to

decline.

7.2 Policy recommendations

According to the conclusions obtained in this paper, the

policy implications are as follows:

7.2.1 Accelerating the development of digital
economy

First, it is necessary to speed up the construction of new

infrastructure carrying digital technology, focus on the

development of core basic industries such as integrated

circuits, new displays, high-end software, and high-end

TABLE 7 Model setting test.

Transition variable H0: r = 0 H0: r = 1 Test conclusion

H1: r = 1 H1: r = 2

Industrial structure distortion LM = 18.37 LM = 4.556 Reject the linear model and choose the PSTR model with a transition function

(0.0586) (0.5702)

Note: The corresponding p-values are in brackets.

TABLE 8 Estimated results of PSTR model.

Low regime (SDit < c) High
regime (SDit > c)

DIit −0.0927** −0.0613*

(0.0419) (0.0337)

Control variable Yes Yes

Region and time effects Yes Yes

r 0.6974

c 0.0932

RSS 2.6043

N 154
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servers, and raise the level of “new infrastructure” construction,

so as to provide the foundation for digital industrialization and

industrial digitalization. Second, there is a need to promote the

penetration of digital economy and digital technology into

traditional industries, strengthen the wide application of

digital economy and digital technology in various fields such

as production, life, transportation, and energy, urban governance

and management, improve the level of digital industrialization,

optimize industrial structure, promote the innovation and

development of green technology, and provide technical

support for reducing energy intensity. Third, the government

should rely on digital technology to speed up the digital

transformation and development of enterprises, linking all

links and business processes such as production, R&D and

sales of enterprises, achieving the effect of improving quality

and efficiency, continuously reducing energy intensity, and

helping to achieve the goal of “double carbon”.

7.2.2 Reducing the industrial structure distortion
First, it is necessary to break the huge differences between

urban and rural residents in public services such as education,

medical care, employment, and old-age care, break down the

barriers that restrict the agricultural labor force from settling in

urban employment, speed up the agricultural labor force’s

continued transfer to industrial and urban departments, and

promote the integrated development of urban and rural areas.

Second, the government should increase investment in all kinds

of education at all levels, improve the education level of the labor

force, promote the inter-regional and inter-departmental

mobility of the labor force, improve the efficiency of

departmental allocation of labor resources, and reduce the

degree of industrial structure distortion. Third, it is necessary

to speed up the replacement of traditional industries by emerging

industries, accelerate the elimination of backward production

capacity, rationally allocate production factors, increase the

proportion of high-tech industries and service industries in

the national economy, foster new kinetic energy for green

economic development, and effectively alleviate the inhibitory

effect of industrial structure distortion on the decline of energy

intensity.

7.2.3 Promoting regional coordinated
development

First, the formulation of digital economy development policy

should be appropriately tilted to southern Xinjiang, and a series

of measures should be taken, such as improving the Internet

application level of government services and cultivating digital

economy professionals, so as to eliminate the “digital divide”

between northern and southern Xinjiang, help Xinjiang with

digital aid, make up shortcomings, enhance self-development

ability, and give full play to the positive effect of digital economy

on energy intensity. Second, Xinjiang should speed up the

construction of digital platform, optimize the layout of data

center construction, and realize the synergy of digital

economic development in northern and southern Xinjiang.

Third, there is a need to advocate and strengthen the

concept of green production and green consumption,

implement strict environmental regulation policies, force

enterprises to improve energy efficiency, and promote the

development of energy consumption in the direction of

green energy conservation.

7.2.4 Continuing to deepen institutional reform
First, due to the imbalance of digital economy development,

differences in technological level and industrial structure in

different regions, the government should scientifically and

rationally choose and formulate environmental regulation

policies according to the local actual situation, and reduce

energy intensity through various environmental regulation

ways. Second, there is a need to speed up technological

innovation and improve the utilization efficiency of

existing technologies; It is necessary to improve the

quality of urbanization development, and promote the

synchronous scientific development of new

industrialization, informatization, new urbanization and

agricultural modernization in Xinjiang. Third, the

government should speed up the adjustment of industrial

structure, focus on the key areas and shortcomings of the

tertiary industry, focus on the development of key industries,

and enhance the leading and supporting role of the tertiary

industry in the high-quality development of Xinjiang’s

economy, and It is necessary for the government to

strictly strengthen environmental regulation. Fourth, the

government should formulate policies to raise the entry

threshold of FDI, and strictly limit the inflow of

industries with high energy consumption and high

pollution into Xinjiang. Fifth, Xinjiang should continue to

open wider to the outside world, optimize the structure of

import and export products, strengthen regional

cooperation, abandon the previous competition pattern of

fighting for policies and costs, consider a win-win model of

cooperation instead of competition, and realize the “positive

sum game”.
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