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ABSTRACT
The significant contribution to CO2 emissions includes historically cumulative emissions in the 
United States, Russia, Japan, South Korea, and Germany, as well as the current increase in 
emerging economies, such as China, India, Iran, Indonesia, and Saudi Arabia, which contribute 
68% of global emissions. Therefore, it is important to measure changes in CO2 emissions and 
driving mechanisms in these countries. This study used the LMDI and STIRPAT model to explore 
driving mechanisms for decoupling CO2 emissions from economic growth in the 10 largest 
emission countries based on the World Bank and International Energy Agency databases. The 
results showed that CO2 emissions have tripled in these countries over the last 55 years, driven 
primarily by economic growth (+170%) and population growth (+41%), whereas a decline in 
energy intensity (−87%) and carbon intensity (−24%) slowed the growth of CO2 emissions over 
most of the period. In China, the United States, and India, significant increases in CO2 emissions 
were associated withpopulation and economic growth. Intensity effects were prominent in 
emission reductions in China, the United States, Germany, Japan, and Russia. Overall, the 
developed countries except for South Korea showed strong decoupling relationships, whereas 
six developing countries were weak in decoupling.
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Introduction

Human activities since the industrial revolution, espe-
cially the accumulation of carbon dioxide (CO2) and 
other greenhouse gases from energy consumption, 
have contributed to climate change (Shuai et al. 
2017; Peters et al. 2020). Global CO2 emissions from 
energy consumption have been rising rapidly (reach-
ing 34,300 Mt CO2 in 2020) due to historical cumulative 
emissions of developed countries and the expansion of 
emerging economies (Pompermayer Sesso et al. 2020). 
The Paris Agreement indicates that achieving emission 
reduction targets is a major challenge for China and 
the world (Liu et al. 2020).

Economic development and demographic factor are 
identified as two main drivers of increasing CO2 emis-
sions (York, Rosa, and Dietz 2003; Begum et al. 2015; 
Dietz et al. 2015; Liddle 2015; Balezentis 2020; Zheng 
et al. 2020). Since energy is extensive across industries, 
a continuous energy supply is essential to maintain and 
improve existing living levels and economic develop-
ment in any country, and energy consumption is a major 
source of CO2 emissions (Alkhathlan and Javid 2013; 
Ahmed and Azam 2016; Tong et al. 2019). 
Demographic factors, which involve population size, 

age structure, and affluence, affect CO2 emissions 
through the consumption of goods and energy (Zhou 
and Liu 2016; Balezentis 2020). Even though the scenar-
ios analysis and representative concentration pathways 
of driving models are getting complex, demographic 
factors and economic development remain at their 
core (Wiebe et al. 2015; Grubler et al. 2018). Moreover, 
a range of theories (e.g., Environmental Kuznets Curve) 
and empirical evidence indicates that the impacts of 
these two main drivers may be mitigated by other 
factors (e.g., energy intensity, carbon intensity) 
(Jorgenson 2014; Robalino López et al. 2015; Li and 
Tao 2017; Mardani et al. 2017). Therefore, population, 
per capita income (affluence), carbon intensity, and 
energy intensity are taken as the major drivers.

Some previous studies focus on the analysis of driv-
ing factors and mitigation measures, while others 
emphasize the causal relationship between economic 
development and CO2 emissions, and forecast CO2 

emissions based on scenario analysis (Kraft and Kraft 
1978; Arouri et al. 2012; Ahmed and Azam 2016; 
Grubler et al. 2018; Zheng et al. 2020). However, few 
studies explore comparative advantages of driving 
mechanisms in different countries. We analyze the 10 
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largest emission countries in the world to examine the 
driving mechanism of CO2 emissionsusing the 
Stochastic Impacts by Regression on Population, 
Affluence, and Technology (STIRPAT) model, a widely 
used method for examining human drivers of environ-
mental change. This model commonly includes popu-
lation and per capita income (affluence) in the form of 
a multiplicative function as well as variables that may 
moderate the effects of the two drivers (e.g., energy 
intensity) as predictors of environmental pressures 
(Guan et al. 2014; Wang et al. 2017; Vélez Henao, 
Font Vivanco, and Hernández Riveros 2019). We use 
the extended STIRPAT model to verify the impact of 
each driver in the LMDI (logarithmic mean divisia 
index) model and to analyze the relationship between 
affluence and CO2 emissions. Based on these results, 
we forecast future CO2 emissions trends under the 
“business as usual” (BAU) scenario for the 10 largest 
emission countries. The Tapio model is often used to 
analyze the coupling/decoupling relationship between 
environmental impacts and economic development 
(Tapio 2005; Lu et al. 2019; Wang, Jiang, and Zhan 
2019). We combine the Tapio model and LMDI model 
to analyze the relationship between CO2 emissions and 
economic development and the influence of the four 
drivers.

This study is intended to comparatively analyze the 
driving mechanism of CO2 emissions in terms of popu-
lation, income, carbon intensity, and energy intensity, 
to analyze changes in decoupling relationships 
between CO2 emissions and economic development 
from 1965 to 2019, and to quantify the impacts on 
decoupling relationships of the four factors.

Materials and methods

Data source

The data on energy consumption and CO2 emissions 
were retrieved from the International Energy Agency 
(IEA), and data for population size and economic 
aggregates were collected from the World Bank 
(WB). To ensure the accuracy of the data, a bias 
correction method was used to reduce the differ-
ences between these indicators in different data-
bases. This method used observations to correct 

the original estimates to reduce bias, and the obser-
vations were derived from the Global Carbon Budget 
and National Accounts Main Aggregates Database 
Furthermore, to eliminate inflation-induced changes 
in currency values, economic data were converted to 
2010 constant dollars. The time scale was from 1965 
to 2019 except for Russia. Due to data availability, it 
was from 1990 to 2019 for Russia. Countries are 
classified into two subgroups: (1) high-income 
group, including the United States, Germany, Japan, 
South Korea, and Saudi Arabia (2) and middle-and 
low-income group countries, including Russia, China, 
Iran, Indonesia, and India. The information about 
these countries is presented in Table 1.

Decomposition model

A decomposition model was established based on the 
LMDI model to analyze the factors driving CO2 emis-
sions, including economy, population, energy inten-
sity, and carbon intensity (equation 1 to 6). 

CO2¼
CO2

Energy
�

Energy
GDP

�
GDP

Population
�Population (1) 

where CO2 stands for CO2 emission (unit: Mt); CO2
Energy is 

carbon intensity (CI), CO2 emissions per unit of energy 
use (unit: kg/GJ); Energy

GDP is energy intensity (EI), energy 
use per unit of GDP (unit: GJ/10000 US dollar); GDP

Population 

is per capita income (PCI, unit: US dollar/person); and 
Population for population size (P, unit: million people).

Since this study focuses on the total amount of 
carbon emissions, the additive decomposition model 
was chosen (Ang 2015). The difference in emissions 
from year t-1 to year t is defined as the total effect 
ΔCO2, and the contribution of factors to carbon emis-
sion is defined as the carbon intensity effect ΔCI, 
energy intensity effect ΔEI, income effect ΔPCI, and 
population effect ΔP. The total effect is equal to the 
sum of these effects. 

ΔCO2¼ ΔCIþ ΔEIþ ΔPCIþ ΔP (2) 

Thus, the equation for the contribution of each factor 
from year t-1 to year 1 is as follows: 

Table 1. Information about the ten countries.
Country Population (million) Economy (100 million dollars) Energy consumption (EJ) Carbon emission (Mt CO2) Emission per capita (t CO2)

China 1411.78 115,200.43 142.63 9953.46 7.03
US 328.33 183,491.08 94.65 4964.69 15.12
India 1380.01 29,408.26 34.06 2480.35 1.82
Russia 144.10 17,791.70 29.81 1532.56 10.61
Japan 126.26 61,870.14 18.67 1123.12 8.89
Germany 83.09 39,443.79 13.14 683.77 8.23
Iran 82.91 4910.60 12.34 670.71 8.09
South Korea 51.71 14,827.60 12.37 638.61 12.35
Indonesia 270.62 12,044.57 8.91 632.09 2.34
Saudi Arabia 34.27 7039.50 11.04 579.92 16.92
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ΔCI ¼
X CO2ðtÞ � CO2ðt� 1Þ

LnCO2ðtÞ � LnCO2ðt� 1Þ �Lnð
CIt

CIt� 1
Þ (3) 

ΔEI ¼
X CO2ðtÞ � CO2ðt� 1Þ

LnCO2ðtÞ � LnCO2ðt� 1Þ �Lnð
EIt

EIt� 1
Þ (4) 

ΔPCI ¼
X CO2ðtÞ � CO2ðt� 1Þ

LnCO2ðtÞ � LnCO2ðt� 1Þ �Lnð
PCIt

PCIt� 1
Þ (5) 

ΔP ¼
X CO2ðtÞ � CO2ðt� 1Þ

LnCO2ðtÞ � LnCO2ðt� 1Þ �Lnð
Pt

Pt� 1
Þ (6) 

ΔCI, ΔEI, ΔPCI, and ΔP reflect the contribution of the CI, 
EI, PCI, and P effects to the CO2 emission changes.

STIRPAT model

Using CO2 emissions as a proxy for environmental 
degradation, we constructed a STIRPAT model includ-
ing per capita income (PCI) to observe economic 
growth, population (P), and energy intensity (EI) as 
regressors given by equation 7. 

lnCO2ði;tÞ¼ lnaþ blnPði;tÞþclnPCIði;tÞþdlnEIði;tÞþlnε (7) 

where i and t represent country and time dimension in 
panel estimations, as i =1,2, . . . 10 and as t =1,2, . . . 55. 
The a, b, c, and d are coefficients of population change, 
income increase, and energy efficiency gains, and ε is 
the model error.

We followed the annual data for the period 1965– 
2019 for samples countries. The most important step of 
the econometric analysis is the stationary test of vari-
ables because non-stationary data can lead to pseudo- 
regression. The panel data from 10 countries were 
used for the analysis in this study; therefore, the 
panel unit root test was used. The panel unit root test 
has a higher confidence level compared to the time- 
series unit root test. The commonly used methods for 
panel unit root test include Levin, Liu, and Chu test 
(LLC) and ADF Fisher chi-square test (ADF), which have 
been used in previous studies (Levin, Lin, and James 
Chu 2002; Sharif Hossain 2011; Wang et al. 2014; Shuai 
et al. 2017).

Decoupling model

Based on the Tapio decoupling model, the conversion 
of the corresponding variable is as follows: 

D ¼
ðCO2 tð Þ� CO2 ið ÞÞ=CO2ðt� iÞ

ðGDP tð Þ� GDP ið ÞÞ=GDP t� ið Þ

(8) 

where D is the decoupling index; CO2(t), CO2(i), and 
GDP(t), GDP(i) denotes the CO2 emissions and GDP in 
the year t and i.

The decoupling index (D) illustrates the closeness of 
CO2 emissions and economic development and evalu-
ates low-carbon development. The decoupling index is 

divided into eight types (Lu et al. 2019): (1) Strong 
decoupling represents an ideal state of economic 
development, indicating CO2 emission decreases 
while the economy increases (D <0). (2) Weak decou-
plingrepresents growth in both CO2 emissions and the 
economy, but economic growth is faster (0 <D <0.8). 
(3) Recessive decoupling represents economic decay 
is accompanied byCO2 emission reduction (D >1.2). 
(4) Expansive coupling indicates economic growth is 
accompanied by CO2 emissions growth. 
(0.8 <D <1.2). (5) Recessive coupling indicates both 
CO2 emissions and economic decline, but CO2 emis-
sions per unit of economic output increase 
(0.8 <D <1.2). (6) Weak negative decoupling means 
that both economic and CO2 emissions decrease 
(0 <D <0.8). (7) Expansive negative decoupling 
represents economic growth was accompanied by 
CO2 emissions growth (D >1.2). (8) Strong negative 
decoupling is the worst economic development pat-
tern. The economy is declining but CO2 emissions are 
increasing (D <0).

The factors affecting decoupling can be acquired 
based on the combination of the LMDI and Tapio models: 

D ¼
ΔCO2=CO2ðt� iÞ

ðGDP tð Þ� GDP ið ÞÞ=GDP t� ið Þ

¼
ðΔCIþ ΔEIþ ΔPCIþ ΔPÞ=CO2ðt� iÞ

ðGDP tð Þ� GDP ið ÞÞ=GDP t� ið Þ

¼DCIþDEIþDPCIþDp (9) 

where DCI, DEI, DPCI, and Dp represent decoupling indica-
tors and the corresponding calculation equations as 
follows: 

DCI¼
GDP t� ið Þ

CO2ðt� iÞ�ΔGDP

X CO2ðtÞ � CO2ðt� iÞ
LnCO2ðtÞ � LnCO2ðt� iÞ �Lnð

CIt
CIt� i
Þ (10) 

DEI¼
GDP t� ið Þ

CO2ðt� iÞ�ΔGDP

X CO2ðtÞ � CO2ðt� iÞ
LnCO2ðtÞ � LnCO2ðt� iÞ �Lnð

EIt

EIt� i
Þ (11) 

DPCI¼
GDP t� ið Þ

CO2ðt� iÞ�ΔGDP

X CO2ðtÞ � CO2ðt� iÞ
LnCO2ðtÞ � LnCO2ðt� iÞ �Lnð

PCIt
PCIt� i

Þ

(12) 

Dp¼
GDP t� ið Þ

CO2ðt� iÞ�ΔGDP

X CO2ðtÞ � CO2ðt� iÞ
LnCO2ðtÞ � LnCO2ðt� iÞ �Lnð

Pt

Pt� i
Þ (13) 

The decoupling index D can be decomposed into the 
decoupling elasticity of CI (DCI), EI (DEI), PCI (DPCI), and 
P (Dp), reflecting the role of each factor in decoupling 
relationships between CO2 emissions and economic 
development.
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Results

CO2 emissions and temporal changes in the ten 
largest emission countries

Position changes of the ten countries in terms of 
total national CO2 emissions
CO2 emissions from China, the United States, India, 
Russia, Japan, Germany, Iran, South Korea, 
Indonesia, and Saudi Arabia have grown from 
13,000 Mt to 23,200 Mt over the past 20 years 
(Figure 1). China’s CO2 emissions grew very slowly 
until 1978, and after China began its reform and 
opening up, the carbon emissions hiked rapidly 
from 1430 Mt to 9953 Mt. China surpassed the 
United States as the world’s largest contributor in 
CO2 emissions in 2007 (Shao et al. 2016). The CO2 

emissions of the United States declined from 
a maximum of 5800 Mt in 2006 to nearly 5000 Mt 
in recent years. India, an emerging economy, has 
seen its CO2 emissions growing rapidly from 170 Mt 
to 2480 Mt, with an average growth rate of 5.1%. 
Russia’s CO2 emissions declined slowly from 
approximately 230 Mt in the 1990s to 140–150 Mt 
in the last decade. Japan’s CO2 emissions increased 
from 430 Mt in 1965 to 1300 Mt in 2008, then 
decreased to 1200 Mt. CO2 in Germany, reached 
a maximum of 1120 Mt in 1973, and then slowly 
declined to 680 Mt in 2019. Iran, South Korea, and 
Indonesia have similar trajectories of CO2 emission 
changes, growing from 200 Mt to about 650 Mt. 
Saudi Arabia’s CO2 emissions increased from 60 Mt 
in 1965 to 580 Mt in 2019. The United States, 
Germany, Japan, and Russia have achieved high 
CO2 emissions, while CO2 emissions in South 
Korea, China, Saudi Arabia, Iran, Indonesia, and 
India will continue to grow.

Temporal change of CO2 emissions per capita in 
different countries
In 2019, global CO2 emission per capita was 4.55 t CO2 

emissions per capita in high-income countries that was 
much higher than in middle-and low-income countries. 
The United States had the highest values with its CO2 

emission per capita declining from a peak of 22.5 t in 
1973 to 15.1 t in 2019. Saudi Arabia has replaced the 
United States as the country with the highest CO2 emis-
sions per capita since 2011, and its value now stands at 
17 t. The CO2 emissions per capita in Germany and 
Japan showed a decreasing trend, with 8.2 t and 8.9 t, 
respectively. South Korea’s CO2 emission per capita 
grew rapidly from 0.9 t to 12.3 t. CO2 emission per capita 
in Russia decreased from 15 t in the 1990s to 10 t in 
2019. CO2 emissions per capita in Iran and China grew 
rapidly to 8 t and 7 t, respectively. Indonesia and India 
had lower values compared to other countries, at 2.3 t 
and 1.8 t in 2019. During the observation period, the 
cumulative CO2 emission per capita in the United States 
(1064 t) was much higher than in other counties. The 
cumulative values of Saudi Arabia, Russia, Germany, 
Japan, and South Korea were 739 t, 707 t, 635 t, 476 t, 
and 369 t, respectively. The cumulative CO2 emissions 
per capita in China, Indonesia, and India were only 168 t, 
54 t, and 45 t, respectively (Figure 2).

Differences in driving mechanisms of CO2 

emissions from country to country

Overall changes of driving mechanisms for CO2 

emissions from country to country
The annual CO2 emissions were calculated as the 
product of CI, EI, PCI, and P. Overall, the EI (−24%) 
and CI (−87%) effects promoted CO2 emission 
reductions, while the P (+41%) and PCI (+170%) 

Figure 1. Trends in CO2 emissions of major countries from 1965 to 2019 (Data source: IEA, and this study).
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effects restrained the decrease in CO2 emissions. 
The driving mechanisms differ from country to 
country, as shown in Figure 3. The P effect had 
relatively small impacts in Russia and Germany, 
while in China, the United States, and Saudi 
Arabia, it brought more carbon emissions. The PCI 
effect boosted CO2 emissions to different degrees 
in each country and was the most significant con-
tributor in China, the United States, India, Japan, 
and Germany. Except for Indonesia, the CI effect 
had a downward impact on CO2 emissions. The EI 
effect could reduce carbon emissions, but because 
of the high energy intensity in Iran and Saudi 
Arabia, it promoted an increase in the two 
countries.

For high-income countries (Figure 3a), the four 
drivers changed as follows: (1) CO2 emissions in 
the United States increased from 3840 Mt to 4965 
Mt. The P (+2608 Mt) and PCI (+4813 Mt) were the 
most significant contributors, while the CI (−1166 
Mt) and EI (−4770 Mt) had a downward influence 
on CO2 emissions. (2) CO2 emission growth in 
Japan was 676 Mt, to which the PCI (+1187 Mt) 
and P (+223 Mt) contributed significantly, and CI 
(−104 Mt) and EI (−630 Mt) effects had 
a decreasing influence on CO2 emissions. (3) The 
CO2 emissions fell by 360 Mt in Germany. The 
P and PCI effects contributed 56 Mt and 846 Mt 
CO2 emissions, and the CI and EI effects reduced 
403 Mt and 859 Mt. The P effect shifted between 
negative and positive and overall contributed 16% 
of CO2 emissions. (4) In South Korea, CO2 emissions 
increased by 613 Mt. The P and PCI effects con-
tributed 121 Mt and 750 Mt, while the CI and EI 
effects reduced 120 Mt and 137 Mt. (5) CO2 

emissions increased by 584 Mt in Saudi Arabia. 
This was mainly driven by population growth at 
411 Mt. In contrast, the contribution of PCI was 
27 Mt. The CI effect was −68 Mt, while EI did not 
show emission reduction (+151 Mt).

The driving mechanisms of CO2 emissions for 
middle-and low-income countries were also chan-
ged over years (Figure 3b): (1) China’s CO2 emis-
sions increased by 9000 Mt CO2, to which the PCI 
(+15,569 Mt CO2) and P (+1575 Mt CO2) contributed 
significantly, and CI (−1446 Mt CO2) and EI (−6233 
Mt CO2) effects reduced CO2 emissions over the 
past 55 years. (2) In India, CO2 emissions have 
increased by 2312 Mt over the past decades. The 
PCI and P contributed 2055 Mt and 719 Mt, respec-
tively, while the CI and EI decreased by 16 Mt and 
445 Mt. (3) CO2 emissions decreased from 2172 to 
1533 over the last 30 years in Russia. The P (30 Mt) 
and PCI (70 Mt) effects contributed little, while the 
CI and EI effects were −357 Mt and −482 Mt. (4) 
Iran’s CO2 emissions increased by 649 Mt. Iran, as 
a low and middle-income country, the PCI effect 
only contributed 36 Mt to CO2 emissions, much 
less than the P effect (+233 Mt). The CI effect con-
tributed little to emission reduction (−69 Mt), while 
the EI effects even showed a positive influence 
(+151 Mt) due to low energy efficiency. (5) 
Indonesia’s CO2 emissions change was 612 Mt. The 
P and PCI effects were 165 Mt and 403 Mt, while 
the CI and EI effects were 50 Mt and −6 Mt, respec-
tively. The contribution of the EI effect to CO2 emis-
sion reduction was very small (1%). As a developing 
country with a large population, Indonesia will con-
tinue to increase its CO2 emissions due to popula-
tion and income growth.

Figure 2. The cumulative CO2 emission per capita by country from 1965 to 2019.
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Temporal changes in driving mechanisms of CO2 

emissions from country to country
We analyzed the temporal changes in driving mechan-
isms of CO2 emissions for these countries. As shown in 
Figure 4a, the results for high-income countries wereas 
follows: (1) The contribution of P and PCI to CO2 emis-
sions in the United States remained at 200 Mt to 300 
Mt and 300 Mt to 800 Mt over most of the periods. The 
CI was able to partially offset CO2 emissions (−50 Mt to 
−300 Mt), and the EI effectively reduced CO2 emissions 
(−300 Mt to −800 Mt) since the 1970s. (2) In Japan, 
P and PCI effects have been decreasing year by year, 
from 50 Mt and 200 Mt in the 1970s to −8 Mt and 50 Mt 
in 2019. The trend of CI and EI effects was favorable to 
CO2 emissions reductions. (3) The trend of driving 
mechanisms over time in Germany is similar to that 
of Japan. (4) In South Korea, the P effect contributed 5 
Mt to 15 Mt CO2 emissions, while the contribution of 
PCI ranged from 15 Mt to 110 Mt. The CI effect 
decreased to −12 Mt in 2015–2019, and the EI effect 

reduced 165 Mt CO2 emissions since 2001. (5) The 
contribution of P and CI to CO2 emissions in Saudi 
Arabia was slowly increasing from12 Mt and −2 Mt to 
80 Mt and −20 Mt, respectively, and the PCI and EI 
shifted from positive to negative in promoting CO2 

emissions in 2015–2019.
For middle-and low-income countries, the contribu-

tion of each driver to CO2 emissions was 
increasing year by year, except for Russia (Figure 4b), 
as illustrated in the following: (1) In China, the contri-
bution of P gradually increased from 72 Mt to 223 Mt 
and started to decrease after 2015, and the PCI con-
tributed the most to CO2 emissions, peaking between 
2006 to 2015 (>3000 Mt), while the CI and EI contribu-
tions to CO2 emissions reduction increased in the same 
period. (2) In India, the P and PCI contributions gradu-
ally increased from 20 Mt to 100 Mt and 480 Mt, 
respectively. The CI effect on CO2 emissions reduction 
was prominent after 2015, reaching 60 Mt, and the EI 
effect was also increased, reaching −330 Mt reading 

Figure 3. Driving mechanisms of carbon emission for major countries in the world from 1965 to 2019.
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2011–2019. (3) In Russia, the P and PCI effects were 
weakening, contributing 3 Mt and 100 Mt in 2016– 
2019. Looking at this period in aggregate, the EI effect 
decreased to 45 Mt in 2016–2019, and the CI effect had 
the largest reduction in 1991–1996 (107 Mt). (4) In Iran, 
the P contributed 20 Mt – 30 Mt to CO2 emissions, the 
PCI promoted emission growth (150 Mt) in 1991–2010, 
the CI contributed less to emission reduction, and the 
EI effect did not reduce CO2 emissions. (5) In Indonesia, 
the contribution of P and PCI to CO2 emissions 
increased from 10 Mt and 25 Mt to 25 Mt and 100 Mt, 
respectively, and CI and EI did not reduce CO2 

emissions.

Embodied emissions in trade and driving 
mechanism of CO2 emissions at the global scale
The key variables introduced into the LMDI model in 
this paper included economy, population, energy 
intensity, and carbon intensity, and the driving 
mechanisms of CO2 emissions relied on a production- 

based perspective. From the perspective of interna-
tional trade, embodied emissions in trade are of great 
interest due to the geographical separation of produc-
tion and consumption, which often leads to disputes 
over the attribution of CO2 emissions. Therefore, we 
analyzed the impacts of trade on CO2 emissions. The 
results showed that imports in the United States could 
significantly affect CO2 emissions, with an elasticity 
coefficient of 0.18 (P <0.01), suggesting that the 
United States transferred some of its CO2 emissions 
through imported products and services. The export 
in China, India, and Indonesia also affected their CO2 

emissions, with elasticity coefficients of 0.39 (P <0.01), 
0.19 (P <0.01), and 0.58 (P <0.01), respectively. The 
rapid growth of CO2 emissions in China stemmed not 
only from population and consumption but also from 
an export-oriented economy. China is known as the 
world’s factory, with the largest industrial manufactur-
ing system, and at the same time, it inevitably brings 
the largest energy consumption and greenhouse gas 

Figure 4. Temporal changes in driving mechanisms of CO2 emissions.
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emissions. The embodied emissions from developed 
countries to developing countries were no longer lim-
ited to industrial transfer, but also from services and 
products. From 2010 to 2018, embodied emissions in 
the services trade accounted for nearly 30% of total 
emissions embodied in global trade (Huo et al. 2021). 
Globally, North–North and North–South trade rose 
rapidly before the economic crisis in 2008, while the 
global chain and trade structure changed after 2008, 
South–South trade grew rapidly, with the resulting 
increase in CO2 emissions, especially in China and 
India (Zhang et al. 2020).

In addition, we pooled all data to analyze the driv-
ing mechanism of CO2 emissions at the global level 
overtime to eliminate the impact of international trade 
(Figure 5). The results showed that the contribution of 
P to CO2 emissions increased from 230 Mt to 380 Mt. In 
2020 when COVID-19 was rampant, the P effect was 
the only factor contributing to the increase in global 
emissions. The PCI effect was larger than the P effect 
over most periods, but it had a downward influence on 
CO2 emissions in periods such as the oil crisis and the 
2008 financial crisis. The CI effect reduced CO2 emis-
sions and has become increasingly important in emis-
sion reduction after the signing of the Paris Agreement 
in 2015. Many countries, such as China, have acceler-
ated their deployment of renewable energy, and there-
fore the contribution of CI is increasing from −290 Mt 
to −616 Mt. Globally, the EI effect was the most impor-
tant contributor to the emission reduction, with an 
average annual reduction of 196 Mt.

Prediction of future CO2 emissions

The regression of the STIRPAT model can well explain 
the relationship between CO2 emissions and various 
factors in different countries, which is in line with the 
results of the LMDI model (Table 2). The population has 

a downward effect on CO2 emissions in Japan, and the 
effect is close to −1%. In other countries, this factor still 
contributes to an increase in CO2 emissions, with a 1% 
increase in population promoting 0.5%–1.2% emis-
sions. Per capita income is the most significant factor 
and 1% increase can drive 0.5%–1.3% increase in CO2 

emissions. In most countries, this percentage exceeds 
1%, while in Germany this value is 0.5%. In both devel-
oped and developing countries, energy intensity 
decrease is an important pathway to reducing CO2 

emissions. The impact of energy intensity is compar-
able to that of the per capita income. 1% reduction in 
energy intensity can bring more than 1% reduction in 
CO2 emissions. However, the high energy intensity in 
Iran and Saudi Arabia has contributed to the increase 
in CO2 emissions in both countries.

Based on the results of the STIRPAT model, we 
project the CO2 emissions from the sampled countries 
up to 2030 under “business as usual (BAU)” to reflect 
the role of the driving mechanism. The CO2 emissions 
show decreasing trends in the United States, Japan, 
and Germany, and will reach 4510 Mt, 1078 Mt, and 
673 Mt, respectively (Figure 6). For South Korea and 
Saudi Arabia, the CO2 emissions are expected to con-
tinue to increase, reaching 755 Mt and 753 Mt, 

Figure 5. Driving mechanism of CO2 emissions at the global level from 1965 to 2020.

Table 2. Group regression results of STIRPAT model for 
sampled countries.

Country PCI P EI R square

China 0.96*** 0.99*** 1.01*** 0.9
US 1.31*** 0.23 1.06*** 0.8
India 1.13*** 0.80*** 1.19*** 0.9
Russian Federation 1.28*** −0.02 1.55*** 0.9
Japan 1.24*** −0.96** 0.95*** 0.9
Germany 0.52*** 0.51* 0.93** 0.9
Iran 0.93*** 0.78*** 1.05*** 0.9
South Korea 0.66*** 1.89*** 0.78*** 0.9
Indonesia 1.21*** 0.78** 0.88*** 0.9
Saudi Arabia 1.12*** 0.80*** 1.07*** 0.9

Note: * p <0.05 ** P <0.01 *** P <0.001
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respectively, in 2030. The CO2 emissions trends in 
middle and low-income countries are also different 
(Figure 7). For Russian Federation, the CO2 emissions 
will remain at around 1500 Mt. China’s CO2 emissions 
will grow at a slower rate due to its improvement in 

energy efficiency and deployment of renewable 
energy. The estimation of China’s CO2 emissions will 
reach a maximum of around 12,500 Mt in 2030. With 
the transformation of the energy mix and implemen-
tation of carbon reduction plans, China’s CO2 

Figure 6. The CO2 emissions projection for high-income countries from 1960 to 2030. Green and yellow scatter denotes 
observation and estimation of emissions, the curve represents fitted values of estimation, and the shaded area represents the 
95% confidence interval of estimation.

Figure 7. The CO2 emissions projection for middle and low-income countries from 1960 to 2030. Green and yellow scatter denotes 
observation and estimation of emissions, the curve represents fitted values of estimation, and the shaded area represents the 95% 
confidence interval of estimation.
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emissions peak may arrive earlier than 2030. The CO2 

emissions of India, Iran, and Indonesia will continue to 
grow rapidly, reaching 4294, 969, and 874 Mt, respec-
tively, in 2030.

The results show that countries with different eco-
nomic development have very different emission tra-
jectories. Developing countries such as China that are 
in transition should maintain the green and low- 
carbon path for economic development, improve 
energy efficiency to reduce the carbon intensity of 
industrial development, and promote low-carbon pro-
duct exports. The high-income countries have higher 
energy efficiency and obvious “carbon leakage” effect 
due to the transfer of carbon-concentrated industries 
to other countries. As a result, CO2 emissions in these 
countries show a decreasing trend in the future.

Dynamic relationships between CO2 emission and 
economic development

Economic development is a major driver of increased 
energy consumption and CO2 emissions. The decou-
pling index of CO2 emissions and economic develop-
ment in each country was calculated according to the 
Tapio model, as shown in Table 3. The decoupling 
index varied significantly in different countries over 
time, but no recessive coupling relationship was 
observed. The results show that countries with strong 
decoupling relationships between CO2 emissions and 
economic development include the United States, 
Germany, Japan, and Saudi Arabia, countries with 
weak decoupling relationships include South Korea, 
China, Russia, and India, and countries with negative 
decoupling relationships, including Iran and Indonesia 
in recent years. Since CO2 emissions are closely linked 
to the level of economic development, this study 
divided these countries into two groups: high-income 
and middle-income countries.

(1) Decoupling relationships in high-income 
countries

The United States showed an expansive negative 
decoupling relationship from 1965 to 1970, and since 
then, the relationship has shifted between a weak 
decoupling and a strong decoupling. After 2006, this 

relationship showed a strong decoupling relationship. 
During the observation period, Germany showed 
a weak decoupling relationship in 1965–1970 and 
1981–1985, and a strong decoupling relationship in 
the rest of the period, indicating that economic devel-
opment decoupled from carbon emissions since 1986. 
The relationship between the economy and emissions 
in Japan evolved from decoupling in the 1970s to 
expansive coupling in the 1980s. It changed from 
expansive negative decoupling to weak decoupling 
in the 1990s and evolved from expansive negative 
decoupling to recessive decoupling in the 21st cen-
tury. Japan decoupled economic development from 
carbon emissions in 2011. For most of the period 
until 1995, the growth of carbon emissions in South 
Korea exceeded the growth in the economy. Since 
then, the relationship showed a weak decoupling rela-
tionship, except for the period 2006–2010 (expansive 
coupling). South Korea did not have a decoupling rela-
tionship. Saudi Arabia’s economy is an oil-based econ-
omy that includes energy-intensive industrial, 
construction, and transportation sectors. As a result, 
Saudi Arabia’s carbon emissions and economic devel-
opment mainly exhibited a coupling relationship until 
2016 and a strong decoupling relationship during 
2016–2019.

(2) Decoupling relationships in middle-and low- 
income countries

China has not shown a decoupling relationship 
between CO2 emissions and economic development 
for a long time. In the period 1965–1975, carbon emis-
sions grew faster than economic development, show-
ing a coupling relationship. Since China’s reform and 
opening-up, the CO2 emissions and economic devel-
opment showed an expansive negative decoupling 
relationship, except for the period 2001–2005 with 
a weak decoupling relationship. Russia showed 
a strong decoupling relationship from 2000 to 2015, 
while this relationship shifted to weak decoupling in 
2016. During 1965–2010, Iran’s CO2 emission growth 
was higher than economic growth, and the relation-
ship mainly showed expansive coupling and expansive 
negative decoupling. Iran’s economy declined 
severely, and the economic development pattern 

Table 3. Decoupling index of carbon emission and economic development.
Time US Germany Japan South Korea Saudi Arabia China Russia Iran Indonesia India

1965–1970 END WD END END WD END NA EC WD WD
1971–1975 WD SD WD EC SD EC NA END END END
1976–1980 WD SD SD END END WD NA SND END END
1981–1985 SD WD WD WD SND WD NA END EC EC
1986–1990 WD SD EC END END WD WD END END END
1991–1995 WD SD END END END WD WND END EC EC
1996–2000 WD SD WD WD END WD SD END SND WD
2001–2005 WD SD END WD EC END SD EC WD EC
2006–2010 SD SD RD EC END WD SD EC WD EC
2011–2015 SD SD SD WD EC WD SD SND WD EC
2016–2019 SD SD SD WD SD WD WD SND END WD

Note EC: expansive coupling; END: expansive negative decoupling; RD: recessive decoupling; SD: strong decoupling; SND: strong negative decoupling; WD: 
weak decoupling; WND: weak negative decoupling.
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shifted to the worst one, with economic recession but 
increasing CO2 emissions, showing a strong negative 
decoupling. Indonesia’s economic development and 
CO2 emissions evolved from weak decoupling to 
expansive coupling and weak decoupling from 1965 
to 2015, whereas during 2016–2019, this relationship 
shifted to a coupling relationship. During the observa-
tion period, the CO2 emissions and economic develop-
ment in India mainly showed an expansive negative 
decoupling and expansive coupling relationship, while 
showing a weak decoupling relationship in 1965–1970, 
1996–2000, and 2016–2019.

Drivers affecting relationships between emissions 
and economy

We use the combined model (LMDI and Tapio model) 
to further analyze the impacts of the four drivers on 
dynamic relationships between economic develop-
ment and CO2 emissions. The decoupling elasticity 
coefficients reflect the drivers facilitating (negative 
values) or inhibiting (positive values) this decoupling 
relationship. The population is not conducive to the 
decoupling relationship between CO2 emissions and 
economic development, especially for Saudi Arabia, 
Iran, India, Indonesia, and the United States. This 
driver has the strongest inhibitory effect in Saudi 
Arabia, and the decoupling elasticity coefficient is 
around 4 in recent years. The inhibitory effects of 
population in China, the Russian Federation, Japan, 
and South Korea are limited over the past decade, 
and their decoupling elasticity coefficients are less 
than 0.3. Per capita income is also a driver of cou-
pling relationships between economic development 
and CO2 emissions in the sampled countries, and the 
decoupling elasticity coefficient is in the range of 1– 
4. The results indicate that population is no longer 
a hindrance to the decoupling of CO2 emissions and 
economic development, but per capita income 
(affluence) is the major detrimental factor for 
decoupling.

The drivers that facilitate the decoupling include 
carbon intensity and energy intensity over most of 
the period for most countries. Carbon intensity in 
Germany, the United States, and Japan played signifi-
cant roles in promoting decoupling and their decou-
pling elasticity coefficients are −2.0, −1.1, and −2.2, 
respectively. The role of carbon intensity in China, 
South Korea, the Russian Federation, and Saudi 
Arabia is increasing year by year, and their decoupling 
elasticity of carbon intensity approaching −1. The 
decoupling effect of energy intensity was significant 
in Germany, Japan, Russia, the United States, and 
China, and their decoupling elasticity coefficients 
exceed −2. While the energy intensity in India, South 

Korea, and Indonesia showed limited effects of pro-
moting decoupling recently. In Iran and Saudi Arabia, it 
shifted between positive and negative effects on 
decoupling over the past decades.

Conclusion and discussion

This study constructed an equation including popula-
tion (P), income (PCI), carbon intensity (CI), and energy 
intensity (EI) variables, and explored driving mechan-
isms at the country level for China, the United States, 
India, Russia, Japan, Germany, Iran, South Korea, 
Indonesia, and Saudi Arabia and the global level 
based on the LMDI model. The analysis showed that 
P and PCI were increasing at different rates and pro-
moting CO2 emissions increase and CI and EI are 
decreasing at different levels and conductive to CO2 

emissions increase, and these four factors together 
influenced the trend of CO2 emissions. Countries with 
larger contributions of P effect to CO2 emissions 
included the United States (+2608 Mt) and China 
(+1574 Mt). The contribution of the PCI effect was 
larger in China (+15,569 Mt), the United States (+4812 
Mt), India (+2056 Mt), and Japan (+1187 Mt). Countries 
that reduced more CO2 emissions due to decreasing 
carbon intensity included China (−1446 Mt), the United 
States (−1166 Mt), Germany (−402 Mt), and Russia 
(−357 Mt). Energy intensity decrease was the most 
significant factor to reduce CO2 emission, especially 
in China (−6360 Mt), the United States (−4770 Mt), 
Germany (−859 Mt), and Japan (−630 Mt). Globally, 
economic growth and population change drove the 
increase in CO2 emissions, while decreasing intensity 
effects reduce them. The analysis quantifies the driving 
mechanisms of CO2 emissions and compares the pat-
terns of population, economic, and CO2 emissions 
changes, and these findings are expected to provide 
insight for China and other countries to address cli-
mate change.

The analysis of driving mechanisms for CO2 emis-
sions on both the global and country levels showed 
that intensity reduction was the main pathway to 
reducing CO2 emissions. Carbon intensity decrease 
was mainly accomplished by deploying renewable 
energy to replace the fossil energy. Renewable energy 
capacity reached 2799 GW in 2020, up 10.3% from 
2019. More than 260 GW of renewable energy installed 
in 2020, with China accounting for more than 50% (136 
GW) according to World Energy Outlook 2021. This was 
closely related to the governments that have devel-
oped policies to reduce CO2 emissions. At the same 
time, some countries (e.g., Russia) stopped using fossil 
fuels to generate electricity, which also supported the 
growth of renewable energy. Energy intensity reduc-
tion means energy efficiency improvement. Therefore, 
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for developed countries with higher energy efficiency, 
improving energy structure and promoting renewable 
energy substitution are the main paths for emission 
reduction, while for developing countries, improving 
energy efficiency is an effective way to reduce CO2 

emissions. In addition to the energy transition, energy 
efficiency improvement, and application of technolo-
gies, for export-oriented economies like China, pro-
moting industrial transformation and reducing the 
export of energy-intensive products and services are 
also important ways of reducing emissions. Moreover, 
CO2 emissions trading system (ETS) is also an impor-
tant economic instrument, such as ETS in Europe 
Union, Regional Greenhouse Gas Initiative in the 
United States, and the Carbon Market in China.

A comparison of CO2 emissions trends in differ-
ent countries showed that countries such as the 
United States, Japan, and Germany have already 
experienced phase peaks and these peaks generally 
occur when energy intensities are below 0.4 kg CO2 

/USD. Decoupling analysis showed that developed 
countries such as the United States, Germany, and 
Japan achieved decoupling in the last decade while 
developing countries such as China and India 
showed weak decoupling relationships. 
Governments should reduce the carbon intensity 
and encourage technological innovation to achieve 
a decoupling relationship between CO2 emissions 
and economic development. Policymakers should 
encourage the public to change their lifestyles, 
such as rational consumption and green travel to 
reduce carbon footprint, especially in developed 
countries, where CO2 emissions per capita are 
much higher than those in developing countries. 
The average and cumulative CO2 emissions per 
capita in the United State over the past 55 years 
have reached 19.3 t and 1063 tons.

In addition to the variables introduced into the 
model and international trade, other potential factors 
also affect CO2 emissions, including climate policy, 
renewable energy, investment, etc. The Climate 
Change Performance Index (CCPI) incorporates these 
factors. The CCPI is an independent monitoring tool 
for tracking countries’ climate protection performance 
based on four categories: greenhouse gas (GHG) emis-
sions, renewable energy, energy use, and climate pol-
icy, and another similar tool is the African Climate 
Change Policy Performance Index (ACCPI) (Burck 
et al. 2021; Epule et al. 2021). The CCPI 2022 was 
issued by Germanwatech, New Climate Institute, and 
Climate Action Network International in 2021. The 
report noted that India, Germany, and Indonesia had 
good performances, ranking 10th, 13th, and 27th 

respectively. China fell five places to 38th in 
this year’s CCPI, but with mixed ratings across cate-
gories. China’s climate policy performance was “high,” 

while its GHG emissions and energy use were rated as 
“very low,” and “medium” for renewable energy. Japan 
retained its rank of 45th. The United States, Russia, 
South Korea, Iran, and Saudi Arabia received “very 
low” ratings (Burck et al. 2021).

Climate policy is important for countries to 
achieve emission targets or intensity indicators, 
involving social, economic, and energy development 
aspects. For emerging economies pursuing high eco-
nomic growth, absolute emission targets should take 
precedence over intensity targets to reduce CO2 

emissions. Renewable energy was discussed above 
as one of the measures for emission reduction. The 
development and deployment of renewable energy, 
combined with circular economy patterns, can con-
tribute to the sustainable development of emerging 
economies. Investment is one of the factors that 
stimulate CO2 emissions. In the case of China, for 
example, investment and capital accumulation 
were important factors in the sectoral shift to 
a carbon-intensive economic structure between 
2002 and 2009 (Guan et al. 2014). These factors 
could not be included in one paper, but will be 
further studied in the future. Moreover, due to the 
lack of industry data for each country, this study did 
not analyze the relationship between industrial car-
bon emissions and economic development in differ-
ent countries. Therefore, the driving mechanism 
study, as well as decoupling analysis, could be 
updated with more detailed data. Furthermore, sui-
table scenario projections need to be explored in the 
future to simulate the compliance of these countries 
to the Paris Agreement.
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