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ABSTRACT
This study attempts to investigate the key determinants of carbon emissions across China’s major sectors, includ-

ing transportation, real estate, and industrial sector, throughout the period between 2004 and 2023. Then examine their 
causal relationship to develop a carbon emission reduction framework. The Auto-Regressive Distributed Lag (ARDL) 
model and Granger causality test were utilized for analysis. In the long-term, EC and FDI negatively affect CE, while 
IT positively affects that. In the short-term, CE are positively influenced by FDI and PG, while negatively impacted by 
EG and EC. Besides, the impacts of these determinants on carbon emissions vary across sectors. Moreover, the analysis 
reveals bidirectional causality between CE and EG, CE and FDI, and CE and IT, while unidirectional causal relation-
ship is observed with EC driving CE. The finding also reveals that the policies should prioritize low-carbon transitions 
by integrating sustainability into economic planning and infrastructure development in the “the Five-Year Plans”. This 
study provides critical policy-relevant insights to guide policymakers in designing effective strategies for carbon emis-
sion mitigation. It introduces an innovative sector-specific analysis that identifies key opportunities across different sec-
tors. Additionally, the study proposes a structured policy framework to systematically support China’s carbon goals. By 
bridging research and practical implementation, this work contributes both theoretically and empirically to the advance-
ment of sustainable development.
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1. Introduction

Climate change represents a critical global environ-
mental challenge that is increasingly capturing widespread 
attention. As fossil fuel combustion and cement manufac-
ture are the principal concern in efforts to address climate 
change, the carbon dioxide emitted in this process became 
increasingly important for global countries [1]. China has 
become the leading emitter of carbon dioxide globally 
since 2007 [2–4]. Due to the rapid expansion of export pro-
duction, China has emerged as the fourth-largest economic 
entity and the important exporter ranked third in size in the 
world [5]. In December 2009, at the Copenhagen Climate 
Conference, China made a formal commitment to lower 
the carbon intensity, measured by emissions generated 
per unit of GDP, by 40% to 45%, relative to 2005 levels, 
aiming for this reduction by 2020. This pledge marked a 
significant step in China’s climate policy framework. Sub-
sequently, in China’s 12th Five-Year Plan, it reaffirmed 
its commitment to reducing emissions intensity, setting 
a target of a 17% reduction by 2015, compared to 2010 
levels. Additionally, the plan introduced a goal to raise the 
percentage of non-fossil fuel energy within the country’s 
overall energy mix, aiming for a contribution of 11.4% by 
2015. These commitments highlighted China’s sustained 
efforts to align economic growth with environmental sus-
tainability [6]. Then, the country undertook a commitment 
in 13th Five-Year Plan, to cut its carbon intensity by 18% 
by 2020, in relation to 2015 levels [7]. In 2015, at the Paris 
Climate Conference China made a significant international 
pledge to decrease greenhouse gas emissions, which is 
“Carbon peak” by 2030 and “carbon neutrality” by 2060. 
This commitment was made as part of the broader Paris 
Agreement, in which nations collectively committed to 
limiting temperature globally increase to below 2°C, re-
stricting it to no more than 1.5°C. Additionally, the goal 
of China by 2030 was set with an increased share of green 
energy [8]. Then China’s government had set a target to 
achieve carbon neutrality by 2060, and to peak emissions 
before 2030 during the 75th session of the United Nations 
General Assembly. As outlined in the 14th Five-Year Plan, 
China reaffirmed its commitment alongside strengthening 
its efforts to decarbonize its economy. The plan set more 
detailed objectives, such as a 13.5% reduction in carbon 

intensity by 2025, relative to 2020 levels. The plan also 
targeted a substantial rise in the contribution of renewable 
energy sources aiming for them to represent 20% of total 
energy consumption, including solar, hydro, wind, and nu-
clear [9].

However, achieving these short-term and long-term 
targets face crucial challenges, including industrial struc-
ture adjustment, technical progress, and regional develop-
ment particularly in provinces that are heavily dependent 
on energy consumption [10,11]. Fossil fuel consumption 
remains the dominant source of energy in many sectors. 
Given China’s ongoing urbanization and industrializa-
tion processes, it is imperative to restructure the industrial 
framework, particularly in energy-intensive industries, 
such as transport, real estate and industry. The three sectors 
are the primary sources of carbon emissions that account 
for more than 80% totally in each year [12] and are three of 
five sectors that used to trace global greenhouse gas [13]. 
Thus, these three sectors are more important than others in 
the examination of driving forces for China’s carbon emis-
sions due to their contribution, which is 38%, 18%, and 
28% respectively, and they are primary targets for climate 
policies. While others are less important, such as service 
sector that only indirect emission and already captured in 
industry sector, and agriculture that policies exist but are 
less centralized. The targets can be achieved by integrating 
advanced technologies into infrastructure development, 
and the adjustment of industrial structure. Then, the “1 + 
N” policy framework was introduced as a central guid-
ing document (“1”) alongside a series of detailed, sector-
specific policies, guidelines, and action plans (“N”) to fa-
cilitate China’s attainment of its carbon-related objectives: 
“Carbon Peak” and “Carbon Neutrality” [14,15]. The primary 
document outlines China’s strategic commitments for each 
stage with 2025, 2030 and 2060 respectively. Before 2030, 
traditional energy is projected to contribute around 25% of 
the nation’s main energy structure, apart from that, carbon 
intensity is projected to decline by over 65%, in compari-
son to 2005 levels. Furthermore, the policy emphasizes the 
target for achieving carbon neutrality by 2060, with share 
of non-fossil energy expected to exceed 80% before that 
year [16]. The policy was designed to address three key ar-
eas: transforming the energy structure, controlling environ-
mental pollution, and reducing carbon emissions [15]. Thus, 
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the effectiveness can be examined by the level of carbon 
emission and non-fossil energy consumption within the en-
ergy composition. In 2024, non-fossil energy accounts for 
approximately 18.9% in the nation’s primary energy con-
sumption, with expectations to reach nearly 20% by 2025, 
aligning with the target for that year [17]. In this context, 
investigating the driving forces for China’s carbon emis-
sions is significant to enhance the effectiveness of current 
policies.

Scholars explored various driving factors of carbon 
emission in previous studies, among which energy con-
sumption has been widely identified as the primary con-
tributor. Besides, balancing economic development with 
emissions reduction was a prominent subject of scholarly 
investigation, with a variety of empirical investigations 
and numerous theoretical explorations [18]. This relationship 
was also explored by Mardani et al. [19], noting that while 
economic growth has improved living standards in many 
countries, it has contributed to a rise in carbon emissions 
and the depletion of natural resources. Beyond assess-
ing China’s carbon emissions in the context of economic 
growth, it is equally imperative to account for the influ-
ence of energy consumption. This is because China’s rapid 
economic expansion has been strongly linked to high en-
ergy consumption, resulting in significant greenhouse gas 
emissions, particularly carbon dioxide [20]. As a result, the 
Chinese government faces substantial pressure to reduce 
carbon emissions with the reduction on its energy con-
sumption. Meanwhile, this pressure is further exacerbated 
by the growing energy demand driven by rapid economic 
growth, which has likely been a major factor contribut-
ing to the rise in carbon emissions and energy consump-
tion over the last thirty years [21]. Additionally, foreign 
direct investment is a key factor driving economic growth, 
alongside its interaction with carbon emissions. And it has 
become a main determinant to China’s economic growth 
since China’s economic reforms initiated in 1978 [22]. As 
many companies participate in the global allocation of in-
vestment and numerous countries actively promote foreign 
investment to drive economic growth, economic develop-
ment has become increasingly globalized. However, this 
phenomenon is accompanied by environmental challenges 
that cannot be overlooked [23]. Except that, international 
trade is a vital element in fostering economic expansion 

and plays an essential part in promoting overall economic 
progress. China’s WTO accession in 2001 marked a pivotal 
turning point, triggering exponential growth in both import 
and export volumes [24]. As a result, China has emerged 
as one of the largest nations in global foreign trade. This 
expansion in foreign trade has not only fostered economic 
growth but has also led to a substantial rise in China’s 
energy consumption [25]. They also observed that China’s 
rapid economic and population growth has transformed 
the country into the top emitter of carbon dioxide and the 
leading energy consumer globally. Therefore, population 
growth must also be considered when exploring the de-
terminants of China’s carbon emissions. This determinant 
was also examined by Rehman et al. [26], who underscored 
the essential role of agriculture in mitigating climate 
change. They argued that agricultural initiatives are es-
sential to meeting the growing global demand for food and 
fiber, particularly considering the increasing population.

The association between carbon emissions and their 
affecting factors remains unclear, although numerous stud-
ies have investigated these factors affecting carbon emis-
sions. What effects do these determinants have on carbon 
emissions, whether positive or negative? Additionally, 
whether causal relationships exist among these factors or 
not? While China’s economic expansion and growing ener-
gy demand have precipitated a substantial increase in car-
bon emissions, empirical analysis reveals that demographic 
factors have exerted statistically negligible influence on 
emission levels within the Chinese context [27]. In contrast, 
their negative relationship was demonstrated by Rehman 
et al. [26]. An opposite relationship was also identified by 
Zhang et al. for carbon emissions and energy consump-
tion, which is negative, although this varies regionally [16]. 
Additionally, regional differences in the economic growth-
emission relationship are observed only in five provinces 
of China, where energy-intensive industries constitute a 
significant portion of the overall industrial sector [22]. A 
bidirectional causality was also found by Mardani et al. af-
ter conducting a thorough examination of the relationship 
between these two, that carbon emissions are influenced 
by fluctuations in economic growth, with increases or 
decreases in economic growth corresponding to higher or 
lower levels of carbon emissions [19]. Conversely, potential 
reductions in emissions were found to negatively affect 
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economic growth. However, no such causal relationship 
was identified between these two [18]. Furthermore, foreign 
direct investment has a positive association with carbon 
emissions, while international trade is negatively associ-
ated with that [9]. This relationship was also examined by 
Wang and Zhang [24], who found that their relationship is 
negative. In contrast, Hao and Liu argued that the impact 
of foreign trade on carbon emissions, whether direct or 
indirect, is negligible or insignificant [28]. To address these 
gaps, the Granger causality tests are applied to establish 
directional relationships. After that, this study conducts a 
panel regression model to quantify emission determinants 
across China’s key sectors, including transportation, real 
estate, and industrial sectors, with the employment of 
panel estimations using panel data during the period from 
2004 to 2023. The historical trend of each variable during 
the investigated period are presented in Figure 1. 

The findings derived from this research can provide 
relevant information from a policy perspective, so that 
policymakers can design effective policies to effectively 
control carbon emissions and achieve China’s 2060 car-
bon-neutral vision. Besides, the findings will help identify 
tipping points for environmental quality improvement, and 
how to reach the target for carbon emissions reduction by 
reorienting affected macroeconomic factors in China’s sec-
tors of transport, real estate and industry.

This paper is structured as follows: the second sec-
tion provides a comprehensive review of the relevant liter-
ature. Next, the primary model employed in the research is 
described in sequence, along with the data sources utilized. 
Then presents the empirical results and interpretation of 
the findings, followed by a thorough discussion. Finally, 
Section 5 provides a conclusion, including the key findings 
and recommendations.

2. Literature Review

Given the increasing global focus on mitigating car-
bon emissions, a significant body of research has examined 
the contributors to China’s carbon emissions. This section 
synthesizes the direction of their impacts and the causal re-
lationships among these factors, as identified in prior stud-
ies.

Alam et al. examined the impacts of energy con-
sumption and population growth on carbon emissions 

employing the ARDL approach in four countries, including 
China, using yearly data between 1970 and 2012 [27]. They 
revealed that China’s carbon emissions have risen signifi-
cantly with an increase in energy consumption. However, 
the impact of population growth on that was determined 
to be statistically insignificant. These findings are further 
explored by Rehman et al. [26], who investigated the rela-
tionship among same factors that Alam et al. investigated 
using time series data between 1970 and 2017 [27]. They 
employed the vector autoregressive model and Granger 

Figure 1. Historical Trend for Each Variable.
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causality tests in their analysis and found that carbon 
emissions are negatively affected by energy consump-
tion in the long run, as well as by population growth. In 
contrast, population growth maintained a similar negative 
short-term impact on carbon emissions, whereas energy 
consumption demonstrated a positive relationship across 
all examined periods. Moreover, these relationships were 
demonstrated as a unidirectional association. However, a 
two-way positive causal long-term relationship between 
carbon emissions and energy consumption were presented 
by Wang et al. who employed a panel data model for 30 
Chinese provinces over the period 1995–2011 [21]. Addi-
tionally, Zhu and Peng presented a different perspective on 
how carbon emissions and population increase interact, us-
ing data on China’s population, consumption, and carbon 
emissions from 1978 to 2008 [29], suggesting that changes 
in population size were not the primary driver of carbon 
emissions. Instead, they found a strong correlation between 
consumption levels and carbon emissions, indicating that 
consumption, rather than population growth, played a more 
significant role in influencing carbon emissions during this 
period. Zhang et al. conducted a comprehensive analysis 
of the interrelationships among economic growth, energy 
consumption, and carbon emissions from 1990 to 2021 [30], 
employing regression analysis complemented by Granger 
causality tests. They concluded that environmental qual-
ity is strongly negatively affected by energy consumption 
and found that economic growth causes carbon emissions 
and energy consumption. These casual relationships were 
also examined in China using data for the period from 
1990 to 2012 [18]. In their research, Granger causality tests 
identified notable causal relationships, more precisely, 
a unidirectional causal link was identified from energy 
consumption to carbon emissions, whereas a bidirectional 
causal relationship was found between economic growth 
and energy consumption. The findings are consistent with 
Wang et al. [20], who employed panel cointegration and 
vector error correction modelling methods based on panel 
data covering the period from 1995 to 2007 in 28 Chinese 
provinces, to explore the causal relationships between 
these three factors. In their study, they found carbon emis-
sions and energy consumption affect each other, just as 
energy consumption and economic growth exhibit mutual 
influence. Additionally, they identified that the long-term 

driving forces for carbon emissions were economic growth 
and energy consumption; meanwhile, those for energy 
consumption are carbon emissions and economic growth. 
Chandran and Tang [31] also performed a Granger causality 
test for China, which offered robust evidence supporting 
that economic growth causes carbon emissions. The find-
ing is consistent with the exploration of the relationship 
between carbon emissions and economic growth, which is 
based on a review of 175 articles published in 55 interna-
tional academic journals between 1995 and 2017 [19]. Their 
study concluded that a bidirectional causality exists be-
tween economic growth and carbon emissions, indicating 
that fluctuations in economic growth led to corresponding 
increases or decreases in carbon emissions. Consequently, 
efforts to reduce emissions may potentially have an ad-
verse impact on economic growth.

In addition to previous research summarized above, 
the impact of international trade and foreign direct invest-
ment has also garnered substantial attention from scholars. 
Hao and Liu revealed that the combined direct and indirect 
impacts on carbon emissions were negatively affected by 
foreign direct investment in China [28]. In contrast, they 
found that the influence on carbon emissions by interna-
tional trade was statistically insignificant. This finding 
differs from the research conducted by Liu et al. [32], which 
suggested that increased international trade leads to a de-
crease in carbon emissions, while foreign direct investment 
positively affects that. Liu et al. incorporated international 
trade, foreign direct investment, and renewable energy 
consumption as determinants of carbon emissions over the 
period from 1995 to 2017 [32], using advanced panel meth-
ods. Similarly, Wang and Zhang corroborated the findings 
of Hao and Liu [24,28], suggesting that foreign direct invest-
ment affect carbon emissions negatively. Additionally, Pao 
and Tsai investigated the effect of foreign direct investment 
and economic growth on carbon emissions for the period 
from 1980 to 2007 [23], employing a panel cointegration ap-
proach. Their causality analysis revealed a strong bidirec-
tional association between foreign direct investment and 
carbon emissions, and a unidirectional causal impact that 
runs from economic growth to foreign direct investment. 
In contrast, Peng et al. found that the causal relationships 
vary regionally based on Granger causality tests applied 
to China’s province-level data [22]. In detail, foreign direct 
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investment was identified as a directional driver of carbon 
emission in Guizhou, Henan, Beijing, and Shanxi, while a 
two-way causality existed between carbon emissions and 
economic growth in Shanxi; the bidirectional causality be-
tween these two variables was observed in other countries. 
Moreover, they found that the bidirectional causality is 
present only in Henan, while in other provinces, the unidi-
rectional causality was identified. Wang et al. conducted a 
comparative analysis by employing of a vector autoregres-
sive model, based on panel data of the eastern, central, and 
western provinces from 1997 to 2015 [24], to investigate 
the casualties between carbon emissions and its economic 
factors in China’s provinces. They found that a causality 
existed among carbon emissions, GDP, and foreign direct 
investment, with the direction of causality varying across 
different regions in China. Additionally, according to Chen 
et al. who found a causality that run from international 
trade to carbon emissions was identified [25].

More importantly, the effect of macroeconomic fac-
tors on carbon emissions differs across sectors which can 
be seen from previous literature. Wang et al. found that in 
the transportation sector, economic factors had the largest 
impact on carbon emissions, specifically, GDP and popula-
tion were found to drive the increase in carbon emissions 
in transportation [33]. Additionally, the structure of the 
transportation sector contributed significantly to the rise 
in emissions level of carbon dioxide, especially within 
the freight sector. Besides, Lin and Xu employed a Vec-
tor Autoregressive model in the study which analysed the 
primary factors driving the rise in carbon emissions [34], in 
the industrial sector of Shanghai. They found that, in the 
short term, energy efficiency, economic growth, and energy 
consumption structure affect carbon emissions positively, 
while urbanization drives in reducing emissions. But ener-
gy consumption and its structure are beneficial to mitigate 
carbon emissions in the long-term, whereas urbanization 
and energy efficiency result in a rise in carbon emissions. 
Besides, the most significant contributing factor was the 
level of economic output in the building sector [35]. Moreo-
ver, Beibei et al. found that economic growth targets can 
result in a decline in energy efficiency and increased en-
ergy consumption at the industrial level [36], which enhance 
the meaningfulness to investigate the determinants for sec-
tors’ carbon emissions in China under the target on carbon 

emission reduction in Five-Year Plan.
Existing research has extensively examined the 

determinants of carbon emissions, employing methodolo-
gies (e.g., ARDL and Vector Autoregressive), econometric 
model (e.g., EKC), and regional analysis. However, studies 
focusing on sector-specific relationships remain limited, 
particularly in the context of China’s carbon neutrality 
goals. While previous work has identified macroeconomic 
drivers (e.g. GDP, energy intensity) of emissions, few have 
systematically investigated key drivers and casual link-
ages using time-series econometrics. This study advances 
the literature in Granger Causality for sectoral emissions 
and disaggregated sectoral analysis. Unlike conventional 
correlation-based analyses, the Granger causality tests 
are applied to determine the direction and significance of 
causal relationships between economic, energy, and trade 
variables and sectoral carbon emissions, which provides 
stronger evidence for policy targeting by distinguishing be-
tween mere associations and predictive causality. Besides, 
previous studies often treat China’s emissions as an aggre-
gate, while this study focuses on high-emission sectors to 
reveal heterogeneous determinants.

3. Model

3.1. Model Specification

This study investigates the long-term and short-term 
relationship by employing a similar approach to that of 
Alam et al. [27], alongside the causality tests conducted by 
Pao and Tsai [23], Peng et al. [22], and Chen et al. [25]. The 
impact on sector-specific carbon emission from its driving 
factors in China is modelled as follows:

  = β0 + β1 + β2 + β3 + β4 + β5 + ϵ  (1)

where i = 1, …, N denotes the sector, t = 1, …, T repre-
sents the time period, with εit assumed to be an error term 
that is serially uncorrelated. CE, EC, IT and FDI are the 
variables that represent their natural logarithms of carbon 
emissions, energy consumption, foreign direct investment, 
and international trade, respectively. PG and EG represent 
the reciprocals of population growth and economic growth, 
such that the signs of β1 and β5 can indicate an inverse re-
lationship.
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3.2. Panel Unit Root Test

This study employs two such tests: the Augmented 
Dickey-Fuller (ADF) test and the Im-Pesaran-Shin (IPS) 
test, introduced by Dickey & Fuller and Im, Pesaran, & 
Shin [37,38], respectively, to assess the stationary properties 
of the relevant variables in panel data analysis. The null 
hypothesis of these tests posits that the variables contain 
a unit root. The IPS test accounts for heterogeneity across 
sections and corrects for serial correlation, making it par-
ticularly effective in small sample sizes. Besides, the ADF 
test is also crucial for the validity of econometric models, 
which is a commonly used statistical method for detecting 
unit roots in time series data. The ADF test can be adjusted 
to handle cross-sectional dependence and heterogeneity 
between entities in panel data.

3.3. Panel Cointegration Tests

To examine whether a long-run relationship exists 
between the variables, the procedure proposed by Pedroni 
and Pedroni was employed [39,40]. The Pedroni cointegra-
tion tests consist of four statistics from panel cointegration 
tests, and three statistics from group cointegration tests. 
The variables are considered cointegrated if the statistics 
reject the null hypothesis of no cointegration.

The formula for Pedroni cointegration tests is mod-
eled as follows:

 CEit = αit + δt + β1iEGit + β2iECit +
β3ITit + β4iFDIit + β5iPGit + ϵit

 (2)

where i represents each sector in China, and i represents 
the time period. αit and δi are the fixed effects for each sec-
tor in China and deterministic trends, respectively. 

3.4. ARDL Model

To test the long-term and short-term relationships, 
Panel Autoregressive Distribution Lag (ARDL) is a com-
mon approach [41]. The generalized Panel ARDL model is 
specified as follows: 

  = =1
 − + =0

  − + ϵ  (3)

where yt represents for dependent variable, xt represents 
for independent variables, p and q refer to the optimal lags 
of these variables, respectively, and it is assumed that εit 

represents an error term. 
Once the cointegration relationship among the vari-

ables is established, this model is applied based on the 
long-run coefficients of the linear ARDL model, which can 
be estimated as follows:

 = 0 + =1
  − + =0

1  − + =0
2  − +

=0
3  F− + =0

4  − + =0
5  P− +

 (4)

In this process, Akaike Information Criterion (AIC) 
is employed to determine the optimal lag length for the 
ARDL model across all variables being studied. Finally, to 
estimate short run dynamics, the error correction model is 
shown below:

Δ = 0 + =1
  Δ− + =0

1  Δ− +

=0
2  Δ− + =0

3  ΔF− + =0
4  Δ−

+ =0
5  ΔP− + υemct−1 +

 (5)

3.5. Granger Causality Test

The presence of cointegration suggests that the cau-
sality exists in at least one direction. Then the Granger 
causality test proposed by Dumitrescu and Hurlin [42] is em-
ployed to examine the directional causality between mul-
tiple time series variables. This methodology is a robust 
extension of the traditional Granger causality test, which 
allows for causality testing across heterogeneous panel 
data, and is especially useful when dealing with cross-
sectional dependence and non-stationarity in economic, 
financial, and social science datasets. The model can be 
modified as follows:
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where i = 1, …, N represents the sector, t = 1, …, T repre-
sents the time period, εit represent stochastic error terms, 
and x is the lag length. The variables CE, EC, IT and FDI 
are the natural logarithms of carbon emissions, energy 
consumption, foreign direct investment, and international 
trade, respectively. EG and PG are the reciprocals of eco-
nomic growth and population growth.

The traditional Granger causality test, proposed by 
Granger [43], evaluates whether the past values of one vari-
able can improve the predictions of another. However, it 
is limited to time series data from a single unit or variable 
and may not account for potential heterogeneity across 
cross-sectional units. To address this, a panel data exten-

sion of the Granger causality test proposed by Dumitrescu 
and Hurlin [42] relaxes the assumption of homogeneity 
across the units in the panel. Their methodology allows for 
causality to differ across individual cross-sectional units, 
making it more suitable for datasets where the causality 
relationship may vary from one cross-sectional unit to an-
other.

4. Results and Discussion

4.1. Panel Unit Roots and Panel Cointegra-
tion Tests

In the initial step, with the results shown in Table 1, 
IPS test and ADF are performed to evaluate the stationar-
ity of the data across all variables. The results indicate 
that only EG appear to stationary in the level for the test 
of ADF. While under the IPS test, at the level with trend, 
CE and EG are stationary, while EG and IT are station-
ary at the level without trend. Since all series stationary 
in their first difference, it means the estimated coefficients 
from a simple panel regression may not have a meaning-
ful economic interpretation, however, if the variables are 
identified as non-stationary, they can be transformed by 
taking their first differences to achieve stationarity. Moreo-
ver, although all variables are statistically significant under 
the ADF test after first-order differencing, IPS test is more 
suitable for small sample size and panel data. Therefore, 
each variable is integrated of order one.

Table 1. Panel Unit Root Test Results.

Variables Unit root test

individual intercept without trends
IPS ADF
Level 1st diff. Level 1st diff.

CE 0.76013 −5.07717*** 4.74664 39.4954***
EG −3.46915*** −10.7128*** 23.3955*** 92.6693***
EC −1.62140 −3.58890*** 1.06904 −24.0954***
FDI −0.75603 −8.40890*** −6.34086 73.1469***
IT −1.60562* −3.58020*** 10.2498 24.6173***
PG 7.80309 −11.3913*** 4.2E-05 95.9754***

individual intercept with trends
IPS ADF
Level 1st diff. Level 1st diff.

CE −1.53317* −4.58768*** 10.1394 45.2483***
EG 13.8085*** −2.79136*** 102.392*** −102.644***
EC −1.28145 −14.6634*** 9.18089 70.1702***
FDI −0.60149 19.9976*** 5.85009 68.8213***
IT −0.83933 −3.32987*** 6.35320 15.6059**
PG 9.88287 −11.0203*** 2.1E-07 102.225***

Note: ***, **, and * represent significant levels (1%, 5%, and 10%)
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Then the existence of cointegration relationship is 
determined using testing approach by Pedroni. Table 2 
presents the panel cointegration results between variables 
as follows:

Table 2 presents the panel cointegration results, six 
of the seven statistics reject the null hypothesis of no coin-
tegration, while one statistic, the panel v-statistic, does not 
reject this hypothesis, indicating the cointegration between 
the variables is absent. It means a cointegration relation-
ship exists, making it reasonable to affirm that a cointegrat-
ing relationship exists among the variables.

4.2. Panel Estimation

The panel estimation results are presented in Table 
3. The results indicate that, under the ARDL model, the 
short-term coefficient of EG displays a statistically sig-
nificant positive magnitude. Specifically, since economic 
growth is expressed reciprocally, it shows a negative 
short-term effect on carbon emissions. However, no long-

term relationship is observed between them. Moreover, 
economic growth is significant at 5% level in each sector, 
including transport, real estate, and industry sectors, and 
positively affects carbon emission in transport and industry 
sectors while adversely affecting it in the real estate sector. 
This finding supports the opinion that economic growth 
affects carbon emissions significantly when viewed from 
various sectors [36]. The current study also finds that energy 
consumption is negatively correlated to carbon emissions 
in both temporal horizons, which can be seen from the 
results. This is inconsistent with Rehman et al. who found 
a negative long-term effect on carbon emissions caused by 
energy consumption [26], while it exerted a positive short-
term impact on carbon emissions. Besides, the positive 
impact on carbon emissions from energy consumption is 
observed exclusively in the real estate sector, rather than 
in the industrial sector and transport sector. This finding 
supports Alam et al. but contradicts the results from Zhang 
et al., who indicated that carbon emission is significantly 
negatively affected by energy consumption [27,30]. 

Table 2. Pedroni Residual Cointegration Test Results.

Alternative hypothesis: common AR coefs. (within-dimension)

Statistic tests Statistic Prob.

Panel v-Statistic −1.375608 0.9155

Panel rho-Statistic −8.245818*** 0.0000

Panel PP-Statistic −19.4689*** 0.0000

Panel ADF-Statistic −7.673386*** 0.0000

Alternative hypothesis: individual AR coefs. (between-dimension)

Group rho-Statistic −4.04149*** 0.0000

Group PP-Statistic −10.41913*** 0.0000

Group ADF-Statistic −4.409478*** 0.0000

 Note: ***, **, and * represent significant levels (1%, 5%, and 10%)

Table 3. Panel estimation results.

Independent Variables Short Run Long Run Transport Real estate Industry

EG 0.17942*** 0.100416 −0.148594** 0.35419** −0.148594**

EC −3.662191** −1.327979** 1.829847 7.748457** 1.829847

FDI 0.160379* −0.468656*** 0.066128* 0.324822*** 0.066128*

IT −0.137333 0.641473*** 0.114648* −0.329564* 0.114648*

PG −0.00000387** 0.00000322 −3.57E-06 3.81E-07 −3.57E-06

Note: ***, **, and * represent significant levels (1%, 5%, and 10%)
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The coefficients associated with foreign direct invest-
ment are statistically significant across all estimators, in-
cluding those evaluating long-term and short-term effects, 
as well as sectoral impacts. Specifically, foreign direct 
investment exerts a positive short-term influence on carbon 
emissions, a relationship that is consistent across all three 
sectors examined. In contrast, a negative long-term impact 
on carbon emissions from foreign direct investment is 
found. The results for the short-term relationship and sec-
toral effects align with the study by Liu et al. [32], who posit 
that carbon emissions are affected by foreign direct invest-
ment positively. However, these results stand in contrast to 
the conclusions of Wang and Zhang and Hao and Liu [24,28], 
who found an inverse relationship between carbon emis-
sions and foreign direct investment. Notably, their findings 
align with the long-term impact of foreign direct invest-
ment observed in current study, indicating a negative ef-
fect. Moreover, the finding demonstrates that carbon emis-
sion is affected by international trade positively in the long 
run, as well as transport sector and industrial sector, which 
is inconsistent with Chen et al. [25], who found that a rise in 
international trade leads to lower energy consumption. In 
contrast, their findings align with the adverse relationship 
between international trade and carbon emissions in real 
estate sector. These differences may help explain why the 
short-term effect appears to be statistically insignificant, 
this result also observed by Hao and Liu [28], who found 
that the influence of international trade volume was not 
statistically significant in level of carbon emission. At last, 

population growth is found to have a significantly posi-
tive short-term effect on carbon emissions, with no sector-
specific variations observed. This finding contrasts with the 
results of Rehman et al. [26], who reported that the relation-
ship between carbon emissions and population growth was 
statistically insignificant for China in both the short and 
long run. Similarly, Zhu and Peng found that population 
growth affects carbon emissions insignificantly in China 
during the period from 1978 to 2008 [29].

4.3. Panel Causality Test

Based on the coefficient value and probability of 
rejecting null hypothesis, that IV does not cause DV, from 
Granger causality tests results in Table 4, the causality re-
lationships among these variables are presented in Figure 
2. It shows that the bidirectional relationship exists be-
tween EC and EG, EC and FDI, CE and EG, EC and FDI, 
IT and FDI, CE and FDI, CE and IT. And unidirectional 
causality is found from EC to CE, from EC to IT, from 
IT to EG, and from FDI to EG. While no causality is ob-
served between PG and any of other variables, except for 
EG. The causalities between carbon emissions and their 
determinants align with the short-term results estimated by 
the ARDL model on EG, EC and FDI. Specifically, all the 
investigated determinants are found to cause carbon emis-
sions, apart from population growth. While this test does 
not reveal the long-term causal relationship or the direction 
(positive or negative) of the short-term relationship.

Table 4. Results of Granger Causality Tests.

DV
IV

CE EG EC FDI IT PG

CE 9.5312*** 21.0103*** 20.6834*** 47.2730*** 1.2742

EG 6.0134*** 9.5593*** 15.3640*** 12.2313*** 2.3836

EC 2.8200 4.6503** 4.2713* 1.4536 1.3388

FDI 19.8561*** 1.2878 36.0695*** 53.8242*** 2.5953

IT 10.8220*** 0.0376* 20.2658*** 25.8295*** 0.9143

PG 0.2596 4.2413* 0.4694 0.3654 1.5483
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The bidirectional relationship between CE and EG 
is align with the results from Wang et al. [18], while contra-
dicts to Zhang et al. who revealed a unidirectional causal-
ity from EG to CE [30]. Besides, the result shows that the re-
lationship between EC and CE is one-way causality, which 
is from EC to CE, and aligns with the results from Rehman 
et al. [26], whereas this relationship was examined as two-
way by Wang et al. [21]. Moreover, this study does not find 
causal relationship from PG to CE that demonstrated by 
Rehman et al. [26]. Additionally, Peng et al. and Pao and 
Tsai found bidirectional relationship between EC and FDI 
in China and China’s provinces [22,23], which is consistent 
with the results from current study. Despite Peng et al. also 
examining the bidirectional relationship between EG and 
FDI [22], in contrast, the current study finds a one-way rela-
tionship from FDI to EG, which is the opposite of Pao and 
Tsai [23], who identified this one-way relationship as flow-
ing from EG to FDI. Furthermore, the causality between 
IT and CE is bidirectional, which is inconsistent with the 
study by Chen et al. [25], who found a unidirectional causal-
ity from IT to CE.

CE EG

EC

IT FDI

PG

Figure 2. Panel Causality Relations for China.

5. Conclusions

This research investigated the driving forces for 
China’s carbon emissions, using data for a panel of China’s 
main sectors, including transportation, real estate, and 
industrial sectors, over the period from 2004 to 2023. In 
this research, the effects of investigated factors on carbon 
emissions are examined, including economic growth, en-
ergy consumption, foreign direct investment, international 
trade, and population growth. Then, within established 

model, the causal relationships between these variables are 
investigated and summarized. The main findings are sum-
marized as follows:

Firstly, EC and FDI negatively affect CE in the long 
run, while international trade positively affects that. In the 
short run, all factors statistically significantly affect carbon 
emissions, except IT. Specifically, CE is positively influ-
enced by FDI and PG, while negatively impacted by EC 
and EG. 

Secondly, PG is not a significant influencing factor in 
any of the sectors. Furthermore, transport-related carbon 
emissions are positively influenced by EG, FDI, and IT. 
However, within the transport sector, EC does not seem to 
have a substantial impact on CE. In the real estate sector, 
EC and FDI positively affect carbon emissions, whereas 
IT and EG exert a negative effect. In contrast, industrial 
carbon emissions are negatively influenced by IT but posi-
tively impacted by FDI and EG.

Lastly, between EC and EG, EC and FDI, CE and 
EG, EC and FDI, IT and FDI, CE and FDI, and CE and 
IT, a bidirectional causal relationship is observed. And 
unidirectional causality is found from EC to CE, from EC 
to IT, and from IT to EG, and from FDI to EG. Besides, 
population growth is identified as the sole causal factor for 
economic growth.

Given the above findings, the policies should prior-
itize low-carbon transitions by integrating sustainability 
into economic planning and infrastructure development in 
the “the Five-Year Plans” as it can establish clear targets 
for emissions reductions across key sectors. Thus, the main 
recommendations for current economic and environmental 
policy based on key influence factors in different sectors 
are as follows: At first, in transport sector, the transporta-
tion economic development goals should be set based on 
local economic structure. Moreover, the polices should be 
implemented in each sub-sectors of transport sector, in-
cluding road transport, air transport, and rail transport. And 
the government also should focus on private vehicles rath-
er than public transportation, such as vehicle purchase 
tax and public transportation discount. Secondly, in real 
estate sector, it is suggested to foster the enhancement and 
efficiency of the real estate market by the purchase restric-
tion policy, to avoid overbuilding. At the same time, the 
implementation of a real estate tax is essential to conduct, 
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which could avoid excessive investment and speculation. 
Besides, in this sector, the improvement in the production 
efficiency of building materials is also significant, as well 
as incentives for using green materials, and optimization 
of structural designs are vital for reducing emissions. At 
last, in the industrial sector, the implementation and devel-
opment of new technologies should be actively promoted, 
as they are advantageous in reducing the carbon intensity 
and improving energy efficiency of industrial processes. 
Transitioning from carbon-intensive energy sources, such 
as coal, to more sustainable, low-carbon alternatives, in-
cluding natural gas, electricity, solar, and nuclear energy, 
is also critical. What is most important is phasing out sub-
sidies for fossil fuels and introducing incentives for clean 
energy sources. 

Despite its potential contribution to the current lit-
erature, it is also meaningful to policymakers and scholars. 
To policymakers, this study provides relevant information 
from a policy perspective so that policymakers can design 
effective policies to control carbon emissions to achieve 
China’s 2060 carbon-neutral vision. And help to identify 
the causes for increasing carbon emission with better un-
derstanding of relationships between carbon emissions and 
its determinants. Besides, it is also crucial for them when 
making ecological and environmental protection policies 
and fiscal strategic decisions. To scholars, this study con-
tributes to the growth of theoretical knowledge by build-
ing a research framework for carbon emissions research. 
Moreover, it explores the macroeconomic determinants 
of China’s carbon emissions, drawing on the most recent 
data, and fills the current research gap. However, there are 
limitations related to this study. Due to the limitations of 
the Granger causality test, which can only assess short-
term causal relationships, future research could explore 
long-term causal relationships through cointegration tests. 
Additionally, the sectors examined in this study do not 
encompass all sectors in China, and a more comprehen-
sive sectoral analysis would enhance the robustness and 
generalizability of the findings. These findings would help 
policymakers design more targeted strategies to reduce 
emissions in the short term by focusing on high-impact 
sub-sectors. Finally, the results of the panel estimation 
can be used to model and forecast future carbon emis-
sions, thereby enabling an assessment of the likelihood of 

China’s commitment on governance and target of carbon 
emissions.
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