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ABSTRACT

An in-depth study of the energy related carbon emissions has important practical significance for carbon emis-
sions reduction and structural adjustment in Shandong Province and throughout China. Based on the perspective
of industrial structure, the expanded KAYA equation to measure the energy related carbon emissions of the pri-
mary industries (Resources and Agriculture) and secondary industries (Manufacturing and Construction) and ter-
tiary industries (Retail and Service) was utilized in Shandong Province from 2011 to 2017. The carbon emissions
among industries in Shandong Province were empirically analyzed using the Logarithmic Mean Divisia Index
decomposition approach. The results were follows: (1) Under the three industrial dimensions, the energy struc-
ture effect and the energy intensity effect have a restraining influence on the carbon emissions of the three indus-
tries. (2) The development level effect and the employment scale effect play a pulling role in carbon emissions. (3)
From the perspective of the employment structure effect of the primary industry, there is a restraining effect on
carbon emissions, while the employment structure effects of the secondary and tertiary industries play a pulling
role in carbon emissions, and the employment structure effect of the tertiary industry has a greater pulling effect
on carbon emissions than the secondary industry.
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1 Introduction

As the largest developing country in the world, China is also a major consumer of energy and carbon
dioxide emitter. In order to cope with the increasingly constrained energy constraints limitations and
increasingly severe climate warming, the Chinese government and local governments are committed to
the development of a low-carbon economy and a green economy. On October 27, 2016, the State Council
issued the Work Plan for Controlling Greenhouse Gas Emissions in the “13th Five-Year Plan” stating
that it is necessary to accelerate the development of green and low-carbon development, ensure the
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completion of the low-carbon development goals and tasks defined in the “13th Five-Year Plan” and promote
a national carbon dioxide peak around 2030 and strive to reach that peak as early as possible.

The scale of economy and population of Shandong Province ranks among the highest in China, making
it a province with large energy needs and high carbon emissions. In response to this outstanding problem,
Shandong Province has actively introduced and implemented local policies in response to the national
call. In December 2011, the Shandong Provincial Government issued the “12th Five-Year Plan” for
Environmental Protection in Shandong Province, proposing the goal and task of “changing mode and
adjusting structure” by means of total emission reduction. Further, in April 2017, the “13th Five-Year
Plan” for Ecological Environment Protection in Shandong Province emphasized the importance of
ecological environmental protection and carbon emission reduction. In February 2018, the Shandong
Provincial Government issued the Implementing Planning of New and Old Kinetic Energy Conversion
Major Projects in Shandong Province, which proposed the main objectives of “comprehensive
improvement of the ecological environment” including efficient use of energy resources, significant
improvement of natural environmental quality, green and low carbonization of production and lifestyle,
and so on. Since the energy consumption structure is the carrier of and manifested through the industrial
structure, in-depth research and policy discussion on the relationship between industrial structure and
energy related carbon emissions has important practical significance for Shandong Province. This is to
accelerate the transformation process of new and old kinetic energy, and promote the transformation and
upgrading of industrial structure.

Therefore, from the perspective of industrial structure, the energy related carbon emissions were
calculated using the carbon emission coefficient method. And the driving factors of carbon emissions
were analyzed using the expanded the KAYA equation and the LMDI (Logarithmic Mean Divisia Index)
decomposition method. On this basis, it focuses on the relationship between industrial structure and
carbon emissions of energy consumption using econometric analysis. And specifically, this is reflected in
the contribution rate of energy related carbon emissions of the three industries and the test of fixed effects.

2 Literature Review

While the energy related carbon emissions problem caused by the rapid economic development has
become increasingly prominent, the relationship between industrial structure and carbon emissions has
become a hot issue for scholars.

2.1 The Decomposition of Driving Factors of Energy Consumption Carbon Emissions
There are many ways to study the factors affecting carbon emissions. Among them, the decomposition

method is an important method to study the driving factors of energy and pollutants. Liang et al. [1] used the
Logarithmic Mean Divisia Index (LMDI) decomposition method to explore the main factors affecting the
cost of CO2 emissions in the five countries, and compared the reasons for the differences in the key
influencing factors of the five countries. Liu et al. [2] used the logarithmic average Die decomposition
method to establish a carbon emission model for energy consumption in the manufacturing sector, and
analyzed that the output scale is the biggest driving factor for the increase in carbon emissions, and
energy intensity is a strong inhibitor of carbon emissions. The influence of the two factors of energy
structure is relatively small. Wang et al. [3] proposed a new carbon dioxide emission performance
evaluation index using common frontier and non-radial DEA (Data Envelopment Analysis) methods.
They conducted empirical analysis on the carbon dioxide emission performance and loss status of
58 countries and regions, and realized Decomposition of the sources of carbon dioxide emissions
performance loss. Wang et al. [4] used pulse response and variance decomposition analysis to explore the
driving effects of technological changes characterized by carbon emission intensity and energy intensity,
and structural adjustments characterized by the proportion of renewable energy and industrialization rate,

982 EE, 2021, vol.118, no.4



so as to be studied. The carbon emission reduction practices of 34 typical countries with different income
levels provide references. With the help of factor decomposition models, scholars also conducted
decomposition analysis on domestic energy consumption carbon emissions. Research methods include
non-parametric distance function method, LMDI decomposition method, vector regression model
decomposition, etc. For example, Zhu et al. [5] comprehensively considered the impact of economic
output scale, population scale, industrial structure, energy structure and energy efficiency on carbon
emissions, established a factor decomposition model based on the extended Kaya identity, and applied the
LMDI decomposition method to energy consumption carbon The emission factor is decomposed, the
mechanism of its main influencing factors is discussed and the contribution rate is quantified. Wang
et al. [6] used the LMDI index decomposition method to dynamically decompose the carbon emission
driving factors in the process of my country’s economic growth from time and space dimensions. Sun
et al. [7] first used quantile regression to test the elastic coefficient relationship between changes in the
composition of energy, industry, and population and CO2 emissions, and then used the LMDI index
decomposition method to analyze CO2 emissions in the three major areas of overall, production, and life.
Decomposed into scale, structure and intensity drivers, and use quantile regression method to verify the
Kuznets curve characteristics of CO2 emissions under different driving incentives and different points. In
addition, there are many scholars who analyze the driving factors of carbon emissions from different
angles by industry, department, and region. Liu et al. [8] proposed a new generalized PDA (Production
decomposition analysis) method to measure the driving factors of China's aviation industry’s carbon
dioxide emissions, and consider the impact of scale efficiency changes on carbon dioxide. Wang et al. [9]
used the LMDI method to identify and decompose the key factors affecting the changes in carbon
emissions of my country’s service industry and their contribution values within the research sample
interval. Zhu et al. [10] analyzed the impact of 14 driving factors in seven sectors on changes in carbon
emissions based on the Kaya identity and its extended LMDI decomposition method. The effects of
economic growth and energy intensity are the main factors leading to the continuous increase of my
country’s carbon emissions.

2.2 The Relationship between Industrial Structure and Energy Related Carbon Emissions
The research on industrial structure and carbon emissions is reflected in the optimization and prediction

of industrial structure.

Firstly, investigating industrial structure optimization, Jiang et al. [11] used a multi-layer LMDI
decomposition analysis, to decompose and analyze the driving factors of CO2 emissions under the
regional industrial transfer of the Yangtze River Economic Belt from 2000 to 2017. Niu et al. [12] used
the input-output multi-objective optimization model to measure the low-carbon effect of industrial
structure changes. Huang [13] established an evaluation system for industrial structure adjustment
performance for Nanjing based on the rationality of industrial structure adjustment and ecological
sustainability. Zhang et al. [14] constructed the carbon emission model of the industrial system based on
the impact of upgrading the produce factors on the development of low-carbonization of the industrial
system, through the factor decomposition of the carbon emissions of the industrial system. Shi et al. [15]
took the manufacturing industry in China as a sample, and systematically optimized its industrial
structure. Deng et al. [16] used static and dynamic panel models to study the impact of industrial
structure upgrading and international trade on energy related carbon emissions, pointing out that the
upgrading of industrial structure and the expansion of dependence on foreign trade can help reduce
energy related carbon emissions.

Secondly, though researching industrial structure prediction, Zhang et al. [17] used the Markov chain
prediction method to predict the industrial structure of China’s Eastern, Central and Western regions, and
found that their industrial structure is still “secondary-tertiary-primary” type. Zhu et al. [18] adopted the
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Markov model to predict the future industrial structure of China, and further analyzed the contribution of
China’s future energy intensity and industrial structure evolution to the reduction of energy intensity.
Niu [19] reclassified industry and predicted the carbon emission effect of China’s industrial restructuring
in the next five years based on the dynamic multi-objective optimization model. Zhang [20] predicted
China’s energy consumption in 2020 from four dimensions: Total energy consumption, per capita energy
consumption, industrial structure, and urban and rural population structure. Han et al. [21] established
industrial restructuring, technological progress, and energy structure optimization models, and analyzed
its contribution to the goal of “energy saving and emission reduction”.

Based on the existing research literature, the research objects mainly focus on energy consumption,
carbon emissions, and economic growth. The research methods include factor decomposition, decoupling
analysis, and others. The data processing covers panel regression, VAR (Vector Auto Regression) Model,
DEA, and others. In addition, most of the research on energy structure and industrial structure is based on
economic growth, and the analysis of industrial structure itself is relatively lacking in combination with
energy related carbon emissions. Therefore, this article takes Shandong Province as an example. From the
perspective of the industrial structure, the energy related carbon emissions of the primary, secondary and
tertiary industries would be measured. Decomposition and empirical research on the driving factors of
carbon dioxide emissions of three industries would be analyzed. The influence degree of driving factors
under each industry through regression analysis would be analyzed further.

3 Methodology

3.1 Calculation of Carbon Emissions
According to the availability of data and consistency of statistical quality, this paper selects the energy

consumption and its composition of coal and oil products in Shandong Province from 2010 to 2017 based on
the Statistical Yearbook of Shandong Province, which does not include natural gas in the calculation of
carbon emissions. There are two reasons: Firstly, since 2014, energy consumption was no longer
distinguished between primary energy consumption and terminal energy consumption in Shandong
Province, and in 2016 the proportion of natural gas consumption was added to the energy consumption
and its composition. Secondly, by intercepting the proportion of coal products and oil products, and the
sum of the two data (as shown in Fig. 1) from 2010 to 2017, the sum of the energy consumption of coal
and oil in Shandong Province is quite large. Although it has been declining in recent years, it is still
above 87%, so it remains the main source of carbon emissions.

Figure 1: Trends in coal and oil consumption
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Therefore, after removing natural gas, the calculation formula for carbon emissions is:

C¼D C1 þ C2 ¼
X2

i¼1

Ci

Ei
� Ei

E
� E (1)

In the above formula, C represents the total amount of carbon emissions, and Ci represents the carbon
emissions of the i-th energy. Since the carbon emissions of natural gas are not calculated, it is only necessary
to calculate the carbon emissions of coal and oil, i.e., i = 1, 2, are coal and oil, respectively. E represents the
total energy consumption, and Ei represents the consumption of the i-th energy. Let Fi ¼ Ci=Ei denote the
carbon emission coefficient of the i-th energy. According to the regulations of the National Development and
Reform Commission Energy Institute on the carbon emission coefficient of various types of energy, the
carbon emission coefficient (F1) is 0.7476, and the oil emission coefficient (F2) is 0.5825; Si ¼ Ei=E
represents the proportion of the i-th energy in energy consumption, i.e., the energy structure. Then the
carbon emission calculation formula can be rewritten as:

C ¼
X2

i¼1

Fi � Si � E (2)

It can be seen from Eq. (2) that carbon emissions can be estimated by the carbon emission coefficient of
energy, energy structure, and total energy consumption.

3.2 LMDI Decomposition Based on Extended KAYA Equation
For the decomposition of energy related carbon emissions, the main methods are Structural

Decomposition Analysis (SDA) and Index Decomposition Analysis (IDA). The commonly used one is
IDA. In order to avoid the possibility of residuals, which allows the occurrence of 0 and negative values,
this paper uses the LMDI addition decomposition method proposed by Liang et al. [1] to decompose
carbon emissions in Shandong Province.

Based on the extended KAYA identity, the established carbon emissions relationship is as follows:

C ¼
X2

i¼1

Ci

Ei
� Ei

E
� E

GDPi
� GDPi

GDP
� GDP

Pi
� Pi

P
� P (3)

In Eq. (3), Fi ¼ Ci=Ei denotes the carbon emission coefficient of the i-th energy; Si ¼ Ei=E represents
the proportion of the i-th energy in energy consumption; Ii ¼ E=GDPi may measure the energy consumption
status of the industrial structure, which can express energy intensity of industrial structure; SIi ¼ GDPi=GDP
is industrial structure;Gi ¼ GDP=Pi is development level; SEi ¼ Pi=P is employment structure; P represents
population level. Thus, Eq. (4) can be rewritten as follows:

C ¼
X2

i¼1

Fi � Si � Ii � SIi � Gi � SEi � P (4)

Therefore, energy related carbon emissions can be decomposed into seven factors: Energy carbon
emission coefficient effect, energy structure effect, energy intensity effect, industrial structure effect,
development level effect, employment structure effect and employment scale effect. Using the method of
LMDI addition decomposition, the decomposition formula of the change in carbon consumption ΔC from
energy consumption can be obtained as follows:
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DC ¼ DCF þ DCS þ DCI þ DCSI þ DCG þ DCSE þ DCP (5)

In Eq. (5), the effect values of the respective decomposition factors are expressed as:

DCF ¼
X2

i¼1

Ct
i � C0

i

lnCt
i � lnCo

i
� ln F

t
i

F0
i

(6)

DCS ¼
X2

i¼1

Ct
i � C0

i

lnCt
i � lnCo

i
� ln S

t
i

S0i
(7)

DCI ¼
X2

i¼1

Ct
i � C0

i

lnCt
i � lnCo

i
� ln I

t
i

I0i
(8)

DCSI ¼
X2

i¼1

Ct
i � C0

i

lnCt
i � lnCo

i
� ln SI

t
i

SI0i
(9)

DCG ¼
X2

i¼1

Ct
i � C0

i

lnCt
i � lnCo

i
� ln G

t
i

G0
i

(10)

DCSE ¼
X2

i¼1

Ct
i � C0

i

lnCt
i � lnCo

i
� ln SE

t
i

SE0
i

(11)

DCP ¼
X2

i¼1

Ct
i � C0

i

lnCt
i � lnCo

i
� ln P

t
i

P0
i

(12)

The common weights in the above formulas (6)–(12) are as follows: x ¼ ðCt
i � C0

i Þ
�ðlnCt

i � lnC0
i Þ

where Ct
i and C0

i respectively represent of the carbon emissions of i-th energy in the t-th period and base
period (this paper sets the base period to the previous year, i.e., year t–1, the same below); Ft

i and F0
i

respectively indicate the carbon emission coefficient of i-th energy in the t-th period and the base period,
i.e., the carbon emission coefficient of energy; I ti and I0i respectively represent the energy intensity of the
i-th industry in the t-th period and base period; SI ti and SI0i respectively represent the industrial structure
of the t-th period and the base period, i.e., the proportion of the i-th industry in the total GDP; Gt

i and G0
i

respectively indicate the development level of the t-th period and the base period; SEt
i and SE0

i
respectively indicate the employment structure of the i-th industry in the t-th period and base period, i.e.,
the proportion of the total number of employed people at the end of the i-th industry at the end of the
year; Pt

i and P0
i respectively represent the employment scale of the t-th period and the base period. Since

the carbon emission coefficient of the i-th energy is the same in each period, i.e., Ft
i and F0

i in the
formula (6), DCF ¼ 0.

3.3 The Formula of Contribution Rates of Industrial Carbon Emissions
In addition to the energy carbon emission coefficient effect, the contribution rates of the other six

decomposition factors can be expressed as:

S ¼ DCS

DC
� 100% (13)
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I ¼ DCI

DC
� 100% (14)

SI ¼ DCSI

DC
� 100% (15)

G ¼ DCG

DC
� 100% (16)

SE ¼ DCSE

DC
� 100% (17)

P ¼ DCP

DC
� 100% (18)

3.4 Regression Models of Driving Factors of Carbon Emissions
For exploring the degree of influence of each decomposition factor on carbon emissions under each

industrial dimension, based on the total carbon emission effects of the three industries, the following
panel models were constructed:

DCit ¼ a0 þ b1DSit þ b2DIit þ b3DGit þ b4DSEit þ b5DPit þ eit (19)

In the above formula, DCit indicates the total effect value of carbon emissions of the i-th industry in the
t year, DSit, DIit, DGit, DSEit, DPit represents the energy structure factor, energy intensity factor, development
level factor, employment structure factor and employment scale factor of the i-th industry in the t year, and eit
is a random disturbance item.

Furthermore, DS, DI and DP are used as explanatory variables, and the remaining variables are used as
control variables, including DG and DSE, which are recorded as Xi, where i = 1, 2, and 3, respectively. Three
industrial regression models were established, as follows:

DC1 ¼ a0 þ b1DS1 þ b2DI1 þ b3DP1 þ X1 þ e1 (20)

DC2 ¼ a0 þ b1DS2 þ b2DI2 þ b3DP2 þ X2 þ e2 (21)

DC3 ¼ a0 þ b1DS3 þ b2DI3 þ b3DP3 þ X3 þ e3 (22)

4 Empirical Analysis

4.1 Decomposition Results of the Industrial Carbon Emissions
The decomposition results of the industrial carbon emission factors in Shandong Province by the method

of LMDI addition decomposition from 2011 to 2017 are shown in Tabs. 1–3, which keep one digit after the
decimal point.

After using the LMDI method of addition decomposition to decompose factors of the industrial carbon
emissions, it can be found that:

From the perspective of energy structure effect, the driving effects of energy structure on carbon
emissions during the “12th Five-Year Plan” period have decreased compared with the previous year.
Except for the temporary boost to carbon emissions in 2011 and 2016, the energy structure effects are all
less than 0 in the remaining years, i.e., negative effects. In general, the optimization of energy structure
can be considered to inhibit carbon emissions. It can also be found from Tab. 1 that the coal accounts for
the highest proportion of energy consumption, but the use of coal and the combined use of coal and oil
have declined by 6% in the past seven years, since the beginning of the “13th Five-Year Plan”. This
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shows that the optimization of the energy consumption structure in Shandong Province has achieved
remarkable results during the “12th Five-Year Plan” period. And the energy consumption mainly based
on coal and oil will gradually decline from the perspective of the proportion of energy consumption structure.

From the perspective of the energy intensity effect, the effect value of the tertiary industry is always
negative, inhibiting carbon emissions. The primary and secondary industries had positive effects on
carbon emissions in 2015 and 2016, but cause negative effects in the remaining years. In general,
reducing energy intensity can inhibit carbon emissions. Combined with the definition of energy intensity,

Table 1: Decomposition results of primary industry

Year ΔCS ΔCI ΔCSI ΔCG ΔCSE ΔCP Total

2010–2011 38838.1 –143417.0 –102008.0 370633.0 –85094.9 27471.9 106423.3

2011–2012 –7077.0 –55681.6 –60406.8 262514.3 –65950.0 23347.4 96746.3

2012–2013 –5175.7 –29844.8 –92856.6 319040.8 –100021.5 9198.0 100340.2

2013–2014 –2159.8 –32159.2 –66135.9 249641.8 –77032.3 9513.0 81667.6

2014–2015 –133161.0 49969.3 –23117.0 220759.4 –89812.1 9667.9 34306.1

2015–2016 17735.4 88543.4 –192861.0 191614.2 –42862.9 6516.3 68685.3

2016–2017 –126133.0 –3774.4 –165310.2 269501.1 –69283.7 –33527.1 –128528.0

Table 2: Decomposition results of secondary industry

Year ΔCS ΔCI ΔCSI ΔCG ΔCSE ΔCP total

2010–2011 38838.1 –198350.0 –47075.1 214689.0 70185.1 27471.9 105759.3

2011–2012 –7077.0 –56975.8 –59112.6 158782.9 32633.2 23347.4 91598.1

2012–2013 –5175.7 –45420.6 –77280.9 204175.9 20213.4 9198.0 105710.2

2013–2014 –2159.8 –40502.0 –57793.2 150908.2 13891.4 9513.0 73857.6

2014–2015 –133161.0 111987.7 –85135.4 100110.9 35213.7 9667.9 38683.5

2015–2016 17735.4 –31311.0 –73006.6 138182.3 14255.0 6516.3 72371.2

2016–2017 –126133.0 –126186.0 –42898.6 186079.0 14002.2 –33527.1 –128664.0

Table 3: Decomposition results of tertiary industry

Year ΔCS ΔCI ΔCSI ΔCG ΔCSE ΔCP total

2010–2011 38838.1 –337888.0 92462.7 265208.3 19796.7 27471.9 105890.2

2011–2012 –7077.0 –209588.0 93499.8 163176.1 34141.8 23347.4 97499.9

2012–2013 –5175.7 –238689.0 115987.7 141676.6 76574.3 9198.0 99571.9

2013–2014 –2159.8 –178457.0 80162.3 107061.4 56217.8 9513.0 72337.3

2014–2015 –133161.3 –70850.4 97702.7 101696.9 42317.3 9667.9 47373.1

2015–2016 17735.4 –210129.0 105811.2 123917.5 21352.3 6516.3 65203.8

2016–2017 –126133.4 –234529.0 65444.6 158376.9 41655.6 –33527.1 –128713.0
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when the economic aggregate (i.e., GDP) in Shandong Province is increasing year by year, the decline in
energy intensity means that energy consumption is declining, or is slower than the rate of economic
growth, so the carbon emissions from energy use will also decline. The reason is that economic progress
inevitably involves technological updates, and new technologies usually mean low energy consumption.

From the perspective of the development level and employment scale effects, the development level
effect values of the primary, secondary and tertiary industries are all positive, indicating that they play a
strong role in producing carbon emissions. At the level of development, this paper is based on the per
capita GDP of the employed people in the primary industries and secondary industries and tertiary
industries, as the economy grows, the per capital GDP grows with it. Economic growth will bring about
an increase in income and employment rate. In other words, the effect of development level and scale of
employment will naturally increase, which means that people’s production and living activities will
increase accordingly. In addition, the increase in population and consumption in production and living
activities will also play a role in driving the increase in carbon emissions. The population scale effect is
consistently positive with the exception of the negative effects in 2017. Therefore, the development level
effect and employment scale effect can promote the growth of carbon emissions overall.

From the perspective of the employment structure effect, the effect of the primary industry is negative,
which restrains carbon emissions; although the employment structure of the secondary industry shows
positive effects, it also showed a downward trend in 2011–2017. The employment structure of the tertiary
industry is characterized by a positive effect of gradual increase, and has a greater pulling effect on
carbon emissions than the secondary industry. This shows that, on the one hand, the type of employment
structure in Shandong Province is “tertiary-secondary-primary”, which means the tertiary industry has the
most employees, followed by the second industry and the primary industry. On the other hand the
employment structure of Shandong Province and the industrial structure based on it are developing well
during the “12th Five-Year Plan” and the “13th Five-Year Plan” period.

Based on the industrial structure effect, from the perspective of the total effect, the primary and
secondary industries have a restraining effect. The tertiary industry plays a driving role in carbon
emissions, demonstrating that the tertiary industry in Shandong Province is developing well. The
transformation and upgrading of industrial structure are proceeding in an orderly manner. The overall
trend of carbon emissions from Shandong Province is strongly downward in 2011 to 2017. The carbon
emissions reduction during the “13th Five-Year Plan” period is progressing well.

4.2 Analysis of Contribution Rate of the Industrial Carbon Emissions
The trends of the contribution rates of carbon emission from energy consumption of the primary

industries and secondary industries and tertiary industries calculated according to the formulas (13)–(18)
are shown in Figs. 2–4.

It can be seen from Figs. 2–4 that the changing trend of the contribution rate of energy structure and
employment scale effects is consistent among the primary industries and secondary industries and tertiary
industries; the contribution rate of the development level effect to carbon emission was greater than
0 during the period of the “12th Five-Year Plan”.

By the beginning of the “13th Five-Year Plan” (2016), there was a relatively noticeable downward trend.
The primary industry began to show a downward trend in 2015, and the development level effect is the
lowest among the contribution rate of the six drivers among the primary industries and secondary
industries and tertiary industries in 2017; the energy intensity effect of the primary industry has not
changed much. Due to the high energy-consuming industries in the secondary industry, the energy
intensity of the secondary industry has changed significantly, reaching a peak in 2015. The energy
intensity effect of the tertiary industry has fluctuated and risen rapidly from 2016. By 2017, the
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contribution rate of the energy intensity effects in the primary industries and secondary industries and tertiary
industries is ranked as “tertiary-secondary-primary.” This shows that, on the one hand, some achievements
have been made in the transformation and upgrading of industrial structure. On the other hand, it shows that
the energy intensity of the tertiary industry is still affected by other aspects such as employment structure,
employment scale, and so on, resulting in a significant increase in its contribution rate to carbon emissions.
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Figure 2: Contribution rate of factors in the primary industry
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Figure 3: Contribution rate of factors in the secondary industry
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Figure 4: Contribution rate of factors in the tertiary industry
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4.3 Basic Regression and Results Analysis
Because the panel data used in this article has a short time span, it is a short panel. It may have omitted

variables that do not change over time, and there are differences due to factors affecting carbon emissions of
various industries. In addition, the fixed-effect model can estimate the errors of the disturbance terms,
individual heterogeneity, time heterogeneity, and endogenous problems that may lead to endogenous
problems, and improve the consistency of the estimation results. Therefore, this article chooses the fixed
effects model. The regression results are shown in Tab. 4.

In Tab. 4, “FE” means fixed effect. It can be seen from the test results that the energy structure, energy
intensity, and employment scale have passed the test. Among them, the energy structure and employment
scale are significant at the 1% level, and the energy intensity is significant at the 10% level.

Using the basic regression method, the results are shown in Tab. 5. Three columns of the a/c/e represent
the regression results of the three industries when the control variables are not added, and b/d/f are the results
after adding the control variables.

Tab. 5 shows the influence coefficient of various factors on carbon emissions under the industrial
structure dimension. Through R2, it can be found that the model is significant and the fitting degree is
high. The specific analysis is as follows:

Before adding the control variables, the energy structure, energy intensity and employment scale have a
positive impact on the carbon emissions of each industry. After the basic regression of the three industries,
regardless of whether or not the control variable is added, the employment scale effect is positive and the

Table 4: Fixed effect test results

ΔS ΔG ΔSE ΔP Intercept

FE 0.472*** (3.97) 0.124 (0.59) –0.044 (–0.15) 2.956*** (7.96) 4.6e + 04 (1.52)

N 21

R2 0.953

F 53.188
Note: ***, **, and * represented significant at the significance levels of 1%, 5% and 10% respectively, numbers in parentheses denote t-values.

Table 5: Regression results of three times industry

ΔC1 ΔC2 ΔC3

(a) (b) (c) (d) (e) (f)

ΔS 0.365 0.713 0.628 0.733 0.484 –0.477

ΔP 3.378 2.509 2.400 1.862 2.967 5.746

ΔI 0.175 0.125 0.272 0.621 0.237 –0.997

ΔG –0.402 0.755 –1.371

ΔSE –1.765 0.390 0.091

Intercept 40680.03 31537.94 67961.61 18684.22 98575.27 –13202.01

P 0.021 0.096 0.010 0.050 0.015 0.179

R2 0.946 0.997 0.967 0.999 0.956 0.989

Adj_R2 0.893 0.981 0.934 0.995 0.912 0.933
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coefficient is large from the perspective of employment scale, indicating that the employment scale has the
greatest impact on carbon emissions.

From the perspective of the development level effect, the coefficient of the primary and tertiary
industries is negative, and the secondary industry is positive. This shows that the primary and tertiary
industry activities correlate negatively with carbon emissions, and the secondary industry activities
correlate positively. Because the secondary industry includes heavy industry and other processing and
manufacturing industries, the use of energy and the corresponding carbon emissions are both higher than
those of the primary and tertiary industry. This results in it being positively correlated. The carbon
emissions generated by the primary and tertiary industrial activities are relatively small. Considering the
absolute value of the model regression coefficient, the tertiary industry is 1.371 and the primary industry
is 0.402, which shows that the tertiary industry has a greater negative impact on carbon emissions, i.e.,
the relationship of reverse change, which illustrates the necessity of industrial structure transformation
and the transition from the primary and secondary industries to the tertiary industry structure.

From the perspective of employment structure effect, the coefficient of the primary industry is negative,
and the coefficient of the secondary and tertiary industries is positive. The explanation is as follows: The
primary industry is mainly agriculture, forestry, animal husbandry and fishery. The impact of this
industrial activity on carbon emissions is the smallest compared to the secondary and tertiary industries,
or it can be considered that there is effectively no carbon emission, so the greater the employment in the
primary, the fewer overall carbon emissions. With the development of industrialization and urbanization,
the employment within the secondary industries and tertiary industries are higher than that of the primary
industry, so the impact on carbon emissions is also greater. But it can be seen from the coefficient that
although the secondary and tertiary industry are all positive, the secondary industry coefficient (0.390) is
higher than the tertiary industry coefficient (0.091), which also shows that the employment structure
effect of the secondary industry has a greater impact on its carbon emissions than the tertiary industry. At
the same time, on the premise that the total number of employed persons remains unchanged, the more
employment in the secondary industry, the greater the impact on carbon emissions. Since the employment
structure takes employment structure as carrier, it is not only to promote the transformation of the
employment structure, but also the inevitable requirement for the transformation and upgrading of the
industrial structure, while encouraging and supporting people to engage in the tertiary industry.

5 Conclusions

Achieving environmental protection and high-quality economic development is the goal of various
regions in China. This article takes Shandong Province as an example. From the perspective of the
industrial structure, the carbon dioxide emissions from energy consumption of the three industries are
measured. Decomposition and regression analysis on the driving factors of carbon dioxide emissions of
three industries are analyzed. The following conclusions are drawn:

First of all, energy structure and energy intensity have a depressing effect on the carbon emissions of the
three industries. It shows that Shandong Province has achieved good results in energy structure adjustment
and energy consumption conservation from the “12th Five-Year Plan” period to the “13th Five-Year Plan”
period. Secondly, from the perspective of development level and employment scale, the three industries all
play a role in driving their respective carbon emissions. It shows that the impact of living activities on carbon
emissions is positive. Combined with the regression result coefficients, it can be further found that this
pulling effect is especially the secondary industry, and the primary and tertiary industries have a small
pulling effect. Finally, from the perspective of the employment structure and the industrial structure
relying on it, the employment structure effect of the primary industry is negative, which has a restraining
effect on carbon emissions. Although the employment structure of the secondary and tertiary industries
shows a positive effect, which is consistent with the model regression coefficient. However, the
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employment structure effect of the tertiary industry has a greater reduction effect on carbon emissions than
the secondary industry.

The above research conclusions have important policy implications. Considering the overall
technological progress, the development and use and promotion of new energy should be accelerated.
Under the new situation of the conversion of new and old kinetic energy, the energy structure should be
further optimized. And energy intensity should be reduced, which means energy efficiency should be
improved. From the perspective of carbon emission reduction policies, employment in the tertiary
industry should be encouraged and supported and consumers’ living standards should be improved
accordingly, including raising wages and improving welfare.
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