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Abstract: China has established a carbon emission reduction goal for 2030. For the Chinese gov-
ernment, there is a dilemma between reducing carbon emissions while still striving to maintain
continuous economic growth in future. To achieve these “dual goals”, it is necessary to predict the
optimal industrial structure under these constraints in 2030. By integrating the linear programming
input–output model (LP-IO) with the RAS updating technique, this paper predicts the industrial
structure in China in 2030 and compares it with the year 2018. The results show that China’s industry
structure will experience major changes. In particular, most of the industries related to manufacturing,
such as mining, petroleum, and metal, will lose their important positions in the economic system,
while service industries such as culture, sports, and public service will take over the position as
pillars of the economy. Additionally, carbon emissions in 2030 will be at least 12.8 billion tons. Based
on these findings, it is suggested that the Chinese government should increase investment in service
industries in advance to meet the goal of reducing carbon emissions earlier.

Keywords: linear programming input–output model; carbon emission; industry structure adjustment

1. Introduction

Currently, China is the country with the largest amount of carbon emissions in the
world [1]. In recent years, China has been committed to reducing carbon emissions and tak-
ing responsibility for protecting the global environment. The measures it has taken include
setting carbon emissions targets, building a carbon emission trading market, reducing
energy consumption, updating industrial production technologies, enriching renewable
energy, developing carbon capture projects, and so on. In 2020, the Chinese government
officially announced the “3060” goals of “carbon emission reduction” and “carbon neutral-
ity”, that is, to achieve carbon peaking by 2030 and achieve carbon neutrality by 2060 [2].
At the same time, as the largest developing country in the world, China still faces develop-
mental challenges, and the Chinese government will also strive to maintain stable economic
growth in the future. Over the past decades, China has been one of the fastest-growing
countries in the world, lifting hundreds of millions of people out of poverty. The absolute
poverty rate of China fell from 66.3% in 1990 to 0.1% in 2019, and this has made an out-
standing contribution to solving the global hunger problem [3]. China’s industrialization
development has also been helpful to the prosperity of the global industrial chain and
provided support for reducing global commodity costs. Therefore, from the perspective of
the Chinese government, achieving steady economic growth is still the bottom line. The
Chinese government has set economic goals every year. For example, at the beginning of
2022, the Chinese government announced a minimum expected GDP growth target of 5.5%
in 2022 [4,5], and it is very likely that China will set an annual GDP growth target of 3–5%
in the next few years.

The Chinese government has realized the importance and urgency of reducing carbon
emissions, and measures were being implemented from years ago. However, China’s
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carbon emissions have continued to grow without a significant decline trend [6]. As we
approach 2030, the Chinese government is under increasing pressure. Additionally, China’s
carbon emissions mainly come from energy, manufacturing industries, and construction [6].
Therefore, to achieve the “dual goals”, China must adjust its economic and industrial
structure to focus on the development of and investment in industries with low carbon
emissions and to restrict investment into industries with high carbon emissions.

To predict what changes will occur to China’s economic structure by 2030 under
the “dual goals” aim, this paper incorporates the dual goals into the linear programming
input–output model and obtains the optimal output for every industry in 2030. Then, by
using the input–output table update technology, the consumption matrix of China in 2030
is predicted. Comparing the predicted input–output matrix in 2030 with that from 2018,
this paper analyzes the trend of change in China’s industries during these years under
such conditions.

The remainder of this paper is as follows: Section 2 is a literature review which
mainly reviews the related literature in which other scholars used the input–output model
for industry analysis or for carbon emission prediction and summarizes the advantages
and disadvantages of this literature. Section 3 is the methodology that is applied in this
paper, which illustrates the LP-IO model and RAS update technique. Section 4 elaborates
on data sources and conducts empirical an analysis based on the models in Section 3.
Section 5 discusses the analytical results and provides recommendations. Section 6 includes
the conclusion.

2. Literature Review

An input–output model is an analytical method to study the rule of value flow, internal
correlation, quantity dependence, and supply–demand balance between various sectors of
the national economy. The idea of input–output was originally proposed and expanded by
Professor Wassily Leontief, who won the Nobel Prize in Economics in 1973 [7,8]. Since the
input–output model was proposed, it has not only been rapidly applied in the analysis of
national economic system and its industries, but also widely used in supply chain value
analysis, disaster impact, environmental protection, and other areas [9,10]. Allan et al. [11]
extended the input–output model to introduce the pollution sector and wastewater treat-
ment sector to analyze the impact on society and the environment. Andrew et al. [12]
studied carbon transfer between countries through the multiple region input–output table
(MRIO) and found that the emissions reflected in imports between countries accounted
for 40% of the total emissions on average. Li et al. [13] built a disaster prediction method
through an input–output model in London City, and the results showed that it would take
about 70 months to recover after assuming that London would be hit by a flood. After
combing with other models, the application field of the input–output model is greatly
expanded. For example, Igos et al. [14] combined the input–output model, the CGE model
(computable general equilibrium) to assess the environmental impact of different energy
policies in Luxembourg from 2010 to 2025. Liu et al. [15] combined the grey neural net-
work model with the input–output model to predict energy consumption under different
economic growth scenarios.

Linear programming input–output model (LP-IO) combines input–output and lin-
ear programming model, which was initially mainly used to analyze optimization prob-
lems in macroeconomics [16,17], especially in economic strategy planning [18]. At present,
the LP-IO model is gradually starting to be used for environmental protection issues.
San Cristóbal [19] took Spain as the research object and used the LP-IO model to analyze
the impact of setting greenhouse gas emission reduction targets on production activities.
Lin [20] applied the LP-IO model to evaluate the changes in wastewater treatment industry
under the conditions of minimizing land use, carbon emissions, and temperature changes
by using the Tokyo Metropolitan Input–Output Table. Danielle et al. [21] built the LP-IO
model and took the Philippines as the research object to measure the fluctuation of economic
growth in the event of a collapse of the energy system. Nguyen et al. [22] used the LP-IO
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model to study Vietnam’s carbon emission goals in 2030 and found that with management
measures, Vietnam’s greenhouse gas emissions in 2030 will be reduced by 24.6%.

As China is currently the country with the largest carbon emissions, many studies use
the optimal input–output model to analyze China’s carbon emissions. Kang et al. [23] used
the LP-IO model to study China’s carbon emission trends, and the results show that from
2020 to 2050, if no emission restriction targets are set, China’s cumulative CO2 emissions
will increase by 30% from the normal level. Su et al. [24] used the optimal model to analyze
the goal of China emission in 2030, and it shows that China can peak its CO2 emissions
by 2030 with the optimized industrial structure. Yu et al. [25] studied the time for China
to reach its carbon peak and showed that the Chinese government must adjust China’s
industrial structure to achieve the goal as expected.

In summary, these literatures use the LP-IO model to study environmental issues and
China’s carbon emissions, but most of them focus on when the total carbon emissions will
peak. Few studies focus on the expected adjustment of China’s economic structure under
the constraints of carbon emissions and rarely analyze industry change by using input–
output table updating techniques. Under the dual goals, restricting the development of
some industries will inevitably affect all industries in China. Considering that the economy
is an interactive system in which industries support and supply each other, it is necessary
to deepen analyses and reasonably predict the potential changes within different industries.
This paper applies a LP-IO model and RAS technique to predict the input–output table
of 2030 under dual goals and then analyzes the influence effect and sensitivity effect both
in 2018 and 2030, which provides a new perspective for estimating industrial change.
Additionally, because the databases used in this study are usually updated yearly, it is
convenient to set up an auto-updated prediction approach by using IA techniques.

3. Methodology
3.1. Input–Output Model and I-O Table
3.1.1. Basic Framework

The input–output model can illustrate the circular economy activities of production
and reproduction, which are mainly described by the input–output table. The input–output
table arranges the initial input and intermediate input vertically and sets the intermediate
use and final use horizontally. The basic input–output table is shown in Table 1 below.

Table 1. Basic input–output table.

Intermediate Demand
Final Demand Total Output

1 2 . . . n

Intermediate Input

1 x11 x12 . . . x1n

y =
n
∑

i=1
yi xout = ∑n

i=1 xi
2 x21 x22 . . . x2n

. . . . . . . . . . . . . . .

n xn1 xn2 . . . xnn

Initial Input (GDP) n =
n
∑

j=1
nj

Total Input xin =
n
∑

j=1
xj

Within the table: xij is an element in the table; from the horizontal view, it represents
the quantity of product i allocated to department j. From the vertical column, it represents
the quantity of product i consumed in the production of department j. xij is the key element
connecting input and output relations between different sectors. n is the initial input, which
includes items such as the depreciation of fixed assets, labor compensation, net tax, and so
on. According to the principle of system of national account (SNA), it also represents the
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GDP value. y represents final use, including final consumption, capital, import and export,
etc. xout is the total output, and xin is the total input. According to the input–output model,
we have Formula (1).

xout =
n

∑
i=1

xj =
n

∑
j=1

xi = xin (1)

To further describe the relationship between different variables, aij is named as the
direct consumption coefficient; see Formula (2).

aij =
xij

xj
(2)

Then, the intermediate input is represented by the direct consumption coefficient,
which can be written as the following matrix in Formula (3)

A =

a11 . . . a1n

. . .
. . . · · ·

an1 · · · ann

 (3)

According to Leontief’s model, the input–output model satisfies the following rela-
tionship; see Formula (4), where I is a unit matrix.

x = [I − A]−1y⇔ y = [I − A]x (4)

B = [I − A]−1 =

b11 · · · b1n
...

. . .
...

bn1 · · · bnn

 (5)

Within Formula (5), B = [I − A]−1 is the famous Leontief inverse matrix, which can
be used to analyze the technical and economic relations of an economy, and bij is the total
consumption coefficient, which is different from aij in Formula (2). The input–output table
can study the relationship between input, output, consumption, and intermediate from
horizontal and vertical perspectives.

3.1.2. Basic Calculation Rules

There are many multipliers and numeral relationship within the I-O table, together
with calculation rules. For example, to examine the relationship between economic added
value and total output, the vertical relationship of the input–output table can be used
for calculation. If the intermediate input rates of each industry j are sum up vertically,
especially like ∑n

i=1 ai1 = q1. Form this equation into a diagonal matrix, and call it q̂
diagonal matrix, so one can get Equation (6).

q̂ =


n
∑

i=1
ai1 0 0

0
. . . 0

0 0
n
∑

i=1
ain

 =

q1 0 0

0
. . . 0

0 0 qn

 (6)

According to the input–output model, there is one equation to describe this, see
Formula (7).

n = (I − q̂)x (7)

Therefore, if one finds the change in n—that is, the change in GDP—and the change in
the total output, x can be obtained, as shown in Formula (8).

∆n = (I − q̂)∆x (8)
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3.1.3. Influence and Sensitivity Coefficients

Influence coefficient, also known as backward linkage, is used to indicate the intercon-
nection of a particular sector with those sectors from which it purchases inputs [26], which
also represent how much other sectors will be influenced when a particular sector increases
output by one unit. The formula is as follows in (9).

mj =
∑n

i=1 bij
1
n ∑n

j=1 ∑n
i=1 bij

(9)

Sensitivity coefficient, also known as forward linkage, is used to indicate the intercon-
nection of a particular sector with those sectors to which it sells its output [26], which also
represent how much a particular sector will be influenced when other sectors increase their
output by one unit each. The formula is as follows in (10).

li =
∑n

j=1 bij
1
n ∑n

i=1 ∑n
j=1 bij

(10)

In Formulas (9) and (10), bij = bij + I. The value of the influence coefficient or sensitivity
coefficient indicates how much another industry depends on this one or vice versa, which
represents the importance of one industry in the economic system. Normally, if the values
of both the influence coefficient and the sensitivity coefficient of one sector are larger than
1, this sector is set as a pillar; if the value of either the influence coefficient or the sensitivity
coefficient of one sector is larger than 1, this sector is set as important; If both the value are
smaller than 1, this sector is set as normal.

3.1.4. RAS Updating Technique

Preparing an I-O table requires large amounts of files and numbers. It is possible to
obtain the projected I-O table or update it by using survey, part-survey, or mathematical
methods, such as the RAS technique. The RAS method is the most developed and widely
used coefficient updating method. Stone (1961) and Bacharach (1970) initiated and de-
veloped this technique [27,28]. The RAS method assumes that the surrogate impact and
the manufacturing impact of the product are consistent. It uses the direct consumption
coefficient as the base period to predict the other year’s consumption coefficient matrix. Its
expression is as in Formula (11).

At = R̂A0Ŝ (11)

where At is the estimated direct consumption matrix in t year and A0 is the direct con-
sumption matrix in the current year or base year. The R̂ and Ŝ are named as line multiplier
and vector multiplier, respectively, which can be calculated once the values of total output,
interindustry input, and interindustry consumption are obtained from the I-O table.

3.2. Carbon Emission Intensity Factor

ci is the carbon emission coefficient of each sector, and the formula is in Formula (12).

ci =
ei
xi

(12)

where ei is the carbon emission of each sector i and xi is the output value of each sector i.

3.3. LP-IO Model

The linear programming input–output model combines the linear programming model
with the input–output model. Linear programming models are widely used in strategic
planning, environmental protection, and logistics management. Chansombat [29] used a
mixed linear programming model to study the capital goods of a company, and the results
show that through linear programming, the total cost can be reduced by more than 60%.
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Emec et al. [30] studied the energy cost minimization problem with fuzzy linear models,
and the results show that fuzzy linear models save more cost than traditional linear models.

This paper mainly aims to solve the total output of various sectors when the economic
added value is maximized under the constraint of minimizing carbon emissions. Therefore,
the LP-IO model is set as in Equations (13)–(15). Among them, Formula (13) indicates that
the CO2 emission reaches the minimum value, ci indicates the carbon emission coefficient
of each sector, and xi is the output of the i sector. Formula (14) is deduced from Formula
(8), indicating that the GDP value in 2030 should higher than the expected growth target no.
Equation (15) indicates that the total output is a positive value, which is in line with the
nature of direct consumption coefficient.

Minimize:

MinCO2 = f =
n

∑
i=1

cixi (13)

S.T.:
(I − q̂)xi ≥ no (14)

xi > 0 (15)

i = 1, 2, 3 . . . 17.

4. Data and Empirical Analysis
4.1. Carbon Emission Data and I-O Table

In terms of the carbon emission coefficient, this paper uses the 2018 carbon emission
data released by CEAD (China Emission Accounts and Datasets), which is standardized
data released in accordance with the IPCC (Intergovernmental Panel on Climate Change)
standard [31–33]. There are a total of 47 sectors in the database. To correspond to the
input–output table, the sectors are combined into 17 groups (see Appendix A: Table A1),
ignoring urban and rural data. Then, the OECD data, which has 45 sectors, is also adjusted
to 17 groups [34]. The carbon emission coefficient of each sector is calculated according
to Formula (12), and the row vector ci of the carbon emission coefficient is obtained.
According to the previous research, the carbon intensity of China has decreased in recent
decades [35–37]; the paper assumes that it will continue to decrease by 6% every year
until 2030.

4.2. Economic Growth Target Data

In terms of economic growth, according to the development goals issued by the
Chinese government, the paper assumes the potential GDP growth rate to be 3.5% per
year in the future until 2030. Using the GDP data in 2021 with the amount of USD 18,010
billion as the basic data, the anticipated GDP in 2030 would be USD 25,020 billion. Then,
decomposing this GDP to each industry by using the structure in 2018, the row vector no in
2030 is obtained. According to the corresponding row of the input–output model, the total
initial input equals the total final demands, and the line vector y2030 can be calculated.

4.3. Coefficient Matrix of 2030

Using the data of ci in Section 4.1, no in Section 4.2, and date of q̂ in 2018, this paper
implements an LP-IO model in Equations (13)–(15) to predict the optimized output x and
total carbon emission value. The total carbon emissions under the minimum constraints in
2030 will be 12.82 billion tons (Mt). Based on the above data, and by using the model, the
optimized output xi can be obtained. Meanwhile, together with the predicted GDP data of
2030 and the structure proportions in 2018, by using the RAS technique in Section 3.1.4, the
coefficient matrix of 2030 can be calculated.
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4.4. Influence and Sensitivity Coefficients

Once the coefficient of 2018 and anticipated coefficient matrix of 2030 are obtained,
the influence and sensitivity coefficient can be calculated by using Formulas (9) and (10).
The results are shown in Table 2:

Table 2. Comparison of coefficients between 2018 and 2030.

No. Sector
Influence Coefficient Sensitivity Coefficient

Year of 2018 Year of 2030
(Prediction)

Changing
Trend Year 2018 Year 2030

(Prediction)
Changing

Trend

1 Agriculture, Fishery, and Forestry 0.904813799 0.911193495 ↓ 1.762027066 1.488778679 ↓

2 Mining and Quarrying 1.009079544 0.965229629 ↓ 1.489040976 0.665824097 ↓

3 Food product, Beverage, and
Tobacco 1.07347282 0.937524512 ↓ 1.260593194 0.96751964 ↓

4 Textile, Leather Industries 1.320953003 1.117117863 ↓ 0.940646051 0.481975322 ↓

5 Manufacture of Wood and Wood
products 1.144890402 1.17549248 ↑ 0.173149877 0.291590586 ↑

6 Manufacture of Paper and Paper
Products, Printing and Publishing 1.128036709 1.103835222 ↓ 0.344761535 0.337072054 ↓

7 Manufacture of Industrial
Chemicals and petrochemicals 1.090738039 0.986463947 ↓ 2.018706162 1.071174135 ↓

8 Manufacture of Non-metallic
Mineral Products 1.084037308 0.986846186 ↓ 0.795797208 0.747015255 ↓

9 Basic Metal Industries 1.117413045 0.998128947 ↓ 1.304609116 0.960560485 ↓

10 Equipment 1.199747846 1.049484139 ↓ 1.76799118 0.992071028 ↓

11 Electricity 1.024260271 0.962016243 ↓ 0.832964451 0.507226756 ↓

12 Water supply and waste 0.969568481 0.943859788 ↓ 0.201398544 0.13147807 ↓

13 Construction 1.08760903 1.005504157 ↓ 0.17441818 0.997242957 ↑

14 Wholesale and retail trade 0.665885129 0.951670374 ↑ 1.0317304 1.632107876 ↑

15 Transportation 0.904065837 0.923489878 ↑ 0.95291135 0.689591594 ↓

16 Commercial, public services, and
others 0.687125641 0.911856852 ↑ 1.579653219 4.118776369 ↑

17 Culture, Education, Sports, Art 0.588303097 1.070286291 ↑ 0.369601491 1.009995095 ↑

As can be seen from the above table, each industry changes in a different direction.
In terms of influence coefficient, 5 of the 17 sectors increased, while 12 sectors decreased.
Among them, the sector of culture, education, sports, and art (No.17) increased the most,
and the textile and leather industry (No.4) had the largest decline value. For the sensitivity
coefficient, 5 of the 17 sectors rose while 12 sectors fell, with the fastest rise being that
of commercial and public services (No.16) and the fastest decline being that of chemical
and gasoline production (No.7). In comparison, there are 4 sectors with both increasing
influence coefficients and sensitivity coefficients, and 12 sectors with both decreasing
influence coefficients and sensitivity coefficients. Additionally, the construction sector
(No.13) had a decreasing influence coefficient and increasing sensitivity coefficient, while
the transportation sector (No.15) had an increasing influence coefficient and decreasing
sensitivity coefficient.

As mentioned above, these two coefficients represent different importance in the
economic system, so putting these sectors into a coordinate axis will present their functions
more clearly, as in Figure 1 below.
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As can be seen from the above figure, the number of sectors with both sensitivity
and influence coefficients less than 1 increased from three in 2018 to six in 2030. At the
same time, the number of sectors with both sensitivity and influence coefficients greater
than 1 dropped from five in 2018 to one in 2030. The number of sectors with a sensitivity
coefficient greater than 1 and an influence coefficient less than 1 increased from three in
2018 to four in 2030. The number of sectors with a sensitivity coefficient less than 1 and an
influence coefficient greater than 1 decreased from six in 2018 to four in 2030.

5. Discussion and Recommendations

From the empirical analysis results, the carbon emissions in 2030 will be 12.8 billion
tons. The total output value will be USD 116 trillion, showing an increase of 233% compared
to the value in 2018.The prediction of China’s carbon emissions in 2030 in this paper is
close to the semi-official prediction of the Chinese government and the prediction results in
other literatures [38,39]. The results also show that the industry structure will be changed
dramatically under the constricts of “dual goal”.

From the perspective of sector changing, the influence coefficient and sensitivity
coefficient of the culture, education, and sports sector (No.17); commerce and public service
sector (N.16); wholesale and retail trade sector (No.14); and manufacture of wood and
wood products sector (No.5), most of which belong to tertiary industry, will be significantly
enhanced. Meanwhile, the influence and sensitivity of sectors such as agriculture (No.1)
and most secondary industry—including mining (No.2), food products (No.3), textile
products (No.4), and so on—will show a downward trend. In fact, during recent decades
in China, in accordance with the requirements of environmental protection, industry has
been adjusted continuously, and the proportion of China’s tertiary industry has increased
to 53.3% in 2021 compared to the value of 46.1% in 2013, which is the first time that the
proportion of tertiary industry exceeded that of secondary industry [40]. The prediction
results show that China’s ongoing industrial adjustment is in line with the direction of
carbon emission reduction, and to achieve the 2030 carbon emission reduction goal, it must
still adhere to this direction.

From the perspective of relative position in the economic system in China, all the
sectors are allocated in the axis. The sectors in the top-right area are the pillar sectors; those
in the top-left area and bottom-right areas are important sectors; and those in the bottom-
left area are normal sectors. In 2018, there were five sectors in the pillar sector area, and
most belonged to manufacturing industry, which represents that manufacturing industry
played a key role in China’s economic system. However, in 2030, only one sector—the
culture and art sector (No.17)—fell in this area. Regarding the important sectors that fell
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into the top-left area and bottom-right area, there are also some changes. For example, the
electricity and gas sectors left this area.

China has been one of the biggest manufacturing countries in the world for years.
China benefits greatly from this; however, this situation carries a byproduct of high carbon
emissions, which pushes China to the top of the emissions list. Based on the analysis above,
some measures should be taken to alleviate the pressure and reduce carbon emissions
in the long run while maintaining relatively steady growth. Firstly, China must adjust
its industry structure by investing in tertiary industries and reducing its manufacturing
related industries gradually. Secondly, China must advance its technologies related to
production activities to reduce the carbon intensity of each sector.

In addition to adjustment of investment and technological advancement, legal and
market mechanisms can also be used to influence industry structure. For example, the
establishment of a carbon emission permit system and a carbon emission trading market
can change the emission behavior of enterprises and reduce carbon emissions [41,42].
At the same time, the implication of strict environmental protection laws and the exert of
environmental taxes can drive enterprises to improve production technology. Additionally,
investing in more advanced industries helps to increase labor productivity and economic
growth [43–45].

6. Conclusions

This study adopts a linear programming input–output model and an RAS updating
technique to predict the minimal carbon emission and industrial structure changing in 2030
under the constraints of “dual goal”. The research shows that most of the manufacturing
sectors in China will lose their vital positions by 2030, and the service sectors will them over.
This paper provides a new approach to the prediction of economic structure change and
provides policy makers with practical policy recommendations. Moreover, compared to
existing optimization models, since this research uses the annual updated carbon emission
database and IO database, the timeliness of the prediction has been greatly improved. In
the future, IA technology can be used to set up an automatic prediction program based on
the yearly announced database. These are the main marginal contributions of this paper.

There are some limitations to this study. One such limitation is that the direct con-
sumption matrix could vary in the long run, which may influence the accuracy of the
results. However, this method is innovative, and as mentioned above, adjustments can be
made in a timely manner based on the data which are announced every year. As a new
approach to prediction on the economic structure level, it is meaningful and helpful to the
government and policy makers to act in advance.

COVID-19 and the lockdown measures it brings have had an impact on global carbon
emissions. In 2020, global carbon emissions dropped by 5.1% worldwide due to COVID-19,
but in 2021, emissions rebounded up to an increase of 6%, showing that the impact of
COVID-19 on carbon emissions is complex [46]. From China’s perspective, COVID-19 also
has had an impact on China’s economy, which in turn indirectly affects China’s economic
growth and carbon emissions. The prediction of this study ranges from 2018 to 2030;
inevitably, COVID-19 will exert an economic-structure-changing. However COVID-19 is
still ongoing and has not finished yet. Considering its lag effect, it is very important to
update the prediction when the data of 2020 and 2021 are announced in the future.
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Appendix A

Table A1. The adjusted outcome of sectors.

NO. Sectors in OECD Database Sectors in CEAD
Database

Adjusted
Sectors Abbreviation

1 01 Agriculture, hunting, forestry
02 Fishing and aquaculture

01 Farming, Forestry, Animal Husbandry,
Fishery, and Water Conservancy

Agriculture, Fishery,
and Forestry Agriculture

2

03 Mining and quarrying,
energy-producing products
04 Mining and quarrying,

non-energy-producing products
05 Mining support service activities

02 Coal Mining and Dressing
03 Petroleum and Natural Gas Extraction
04 Ferrous Metals Mining and Dressing

05 Nonferrous Metals Mining and Dressing
06 Nonmetal Minerals Mining and Dressing

07 Other Minerals Mining and Dressing

Mining and
Quarrying Mine

3 06 Food products, beverages and tobacco

09 Food
10 Processing

Food Production
11 Beverage Production
12 Tobacco Processing

Food product,
Beverage, and

Tobacco
Food

4 07 Textiles, textile products, leather, and
footwear

13 Textile Industry
14 Garments and Other Fiber Products

15 Leather, Furs, Down, and Related Products

Textile, Leather
Industries Textile

5 08 Wood and products of wood and cork

08 Logging and Transport of Wood and
Bamboo

16 Timber Processing, Bamboo, Cane, Palm
Fiber, and Straw Products

17 Furniture Manufacturing

Manufacture of Wood
and Wood products Wood

6 09 Paper products and printing
18 Papermaking and Paper Products

19 Printing and Record Medium
Reproduction

Manufacture of Paper
and Paper Products,

Printing, and
Publishing

Paper

7

10 Coke and refined petroleum products
11 Chemical and chemical products

12 Pharmaceuticals, medicinal chemical
and botanical products

21 Petroleum Processing and Coking
22 Raw Chemical Materials and Chemical

Products
23 Medical and Pharmaceutical Products

24 Chemical Fiber

Manufacture of
Industrial Chemicals
and petrochemicals

Petroleum and
Chemical

8 13 Rubber and plastics products
14 Other non-metallic mineral products

25 Rubber Products
26 Plastic Products

27 Nonmetal Mineral Products

Manufacture of
Non-metallic Mineral

Products
Non-metal

9 15 Basic metals
16 Fabricated metal products

28 Smelting and Pressing of Ferrous Metals
29 Smelting and Pressing of Nonferrous

Metals
30 Metal Products

Basic Metal Industries Metal

10

17 Computer, electronic, and optical
equipment

18 Electrical equipment
19 Machinery and equipment

20 Motor vehicles, trailers, and
semi-trailers

21 Other transport equipment
22 Manufacturing; repair and installation

of machinery and equipment
34 Telecommunications

35 IT and other information

31 Ordinary Machinery
32 Equipment for Special Purposes

33 Transportation Equipment
34 Electric Equipment and Machinery
35 Electronic and Telecommunications

Equipment
36 Instruments, Meters, Cultural and Office

Machinery
37 Other Manufacturing Industry

Equipment Equipment

11 23 Electricity, gas, steam, and air
conditioning supply

39 Production and Supply of Electric Power,
Steam and Hot Water

40 Production and Supply of Gas
Electricity Electricity and

Gas

12 24 Water supply; sewerage, waste
management, and remediation activities

38 Scrap and waste
39 Production and Supply of Tap Water

Water supply and
waste Water
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Table A1. Cont.

NO. Sectors in OECD Database Sectors in CEAD
Database

Adjusted
Sectors Abbreviation

13 25 Construction
37 Real estate activities 42 Construction Construction Construction

14 26 Wholesale and retail trade; repair of
motor vehicles

44 Wholesale, Retail Trade, and Catering
Services

wholesale and retail
trade Trade

15

27 Land transport and transport via
pipelines

28 Water transport
29 Air transport

30 Warehousing and support activities
for transportation

31 Postal and courier activities

43 Transportation, Storage, Post, and
Telecommunication Services Transportation Transportation

16

32 Accommodation and food service
activities

33 Publishing, audiovisual and
broadcasting activities

36 Financial and insurance activities
39 Administrative and support services
40 Public administration and defence;

compulsory social security
42 Human health and social work

activities
44 Other service activities

45 Others Commercial, public
services, and others

Public and
Commercial

17

41 Education
43 Arts, entertainment, and recreation

38 Professional, scientific, and technical
activities

20 Culture, Education, and Sports Culture, Education,
and Sports Culture and Art
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