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Abstract: Growing global concern over greenhouse gas emissions has led to a demand for under-
standing and addressing carbon emissions, with China being one of the main contributors to global
carbon emissions, committed to reach the carbon peak by 2030. As a result, much previous research
has delved into the drivers of carbon emissions in China; however, few studies have included new
energy factors in the extended STIRPAT model when analysing the data, employed more advanced
visualisation techniques such as force-directed diagrams, and explored factors outside of the indus-
trial and energy sectors in determining China’s ability to reach their environmental goals. In this
study, we use the extended STIRPAT model to analyse a more diverse range of drivers for carbon
emissions in China and discuss methods to reach peak carbon emissions through the implementation
of environmental policies. Using data from China’s 14th Five-Year Plan and Vision 2035 to set up
two simulation scenarios, we predict China’s carbon emissions, introducing ridge regression to
ensure validity, and employing big data and visualisation techniques to aid in interpreting results.
Our findings suggest that China needs to implement more stringent environmental policies to meet
its commitment to reach peak carbon emissions by 2030, revealing that factors such as per capita
arable land area, per capita GDP, the proportion of people living in extreme poverty, the level of
tourism development, the use of fossil fuels, and new energy technologies have a significant impact
on China’s carbon emissions. As such, we can recommend more stringent policies relating to the
agricultural, energy, and tourism sectors to help China achieve their goal of carbon peak by 2030.

Keywords: de-carbonisation pathways; carbon dioxide emissions; environmental Kuznets curve
hypothesis; environmental sustainability; visual analytics

1. Introduction

As global warming progresses, more and more countries worldwide have become
increasingly concerned about greenhouse gas emissions, with one of the most significant
contributors being carbon dioxide emissions. Globally, China is considered one of the coun-
tries most vulnerable to climate change, global warming, and environmental degradation.
China is ranked 120th out of 180 countries in the 2020 Environmental Performance Index
(EPI) ranking. In response to environmental pressures, China’s leaders have pledged to
reach peak carbon emissions by 2030 and become carbon-neutral by 2060 [1–4].

Currently, research on China’s carbon emissions primarily focuses on the energy and
industrial sectors, and this is due to the establishment of a large variety of different studies
that heavily link carbon emissions with the energy and industrial sectors, especially in their
extensive use of fossil fuels.

The use of fossil fuels has had extensive links to pollution, as shown by various
past studies:

• Lin et al. (2018) collected data on factors such as sub-micron aerosols (PM1) for Ireland
from 2016 to 2017, used a sophisticated fingerprinting technique to determine the
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proportion of peat and wood consumed, identified them as the main contributors to
air pollution due to the combustion of solid fuels [5].

• Hanif (2018) examined a panel of 34 emerging economies in sub-Saharan Africa with
panel data from 1995 to 2015 using the systematic generalised method of moments
(GMM), highlighting the significant contribution of fossil fuel consumption and urban
sprawl to CO2 emissions [6].

From China’s 14th Five-Year Plan and Vision 2035 plan, there is a focus on an increase
in high-value invention patents and GDP, as well as binding regulations on fossil fuel
consumption and air pollution indices, which provide some indication of future carbon
emission scenarios. GDP per capita and agricultural land per capita can reflect the level of
economic development and land use, and tourism represents the structural transformation
of the economy and may have some relevance to carbon emissions [7]. These plans also
highlight the issues of poverty reduction and population growth, factors that may also
influence carbon emissions [8].

These areas of focus, however, seem to be less studied, potentially hindering the ability
to comprehend the complex effects that these areas have on carbon emissions, particularly
with the development of new energy technology and environmental sustainability and their
relationship with carbon emissions in China [9–13]. This highlights a potential knowledge
gap in policymaking concerning greenhouse gas emissions in China.

This gap in knowledge can be partially bridged through contemporary research:

• Nabi et al. (2020) conducted a study on 98 developed and developing countries
for the year 2011 using cross-sectional and transformed regressions. It was found
that poverty indirectly affects carbon emissions. This view is supported by Benedikt
Bruckner (2022), who studied the eradication of poverty in 116 countries, including
the United States, and found that a reduction in carbon emissions is closely related
to a reduction in poverty [14,15]. This suggests that there seems to be a link between
poverty reduction and carbon emissions, and we would like to extend this link by
looking at the scope of Ikuna’s carbon emissions, especially given China’s poverty
alleviation programme.

• The study by Tian Xianliang (2021) collected panel data on CO2 emissions, renewable
energy consumption, GDP, and number of tourists for 19 G20 economies from 1995 to
2015, tested the data for cointegration using seven methods, including Pedroni’s
test and Kao’s test, and extracted the data using the FMOLS method. The results
indicate that tourism development contributes to carbon emission reduction [16],
which indicates another factor to be further explored through the Chinese context.

While these studies have improved our understanding of policy scenario projections
and associated carbon emission drivers, to the best of our knowledge, several limitations
constrain the development and application of the concepts [17,18]. There presently seems
to be a lack of research on the direct correlation between the development of new energy
technologies, the share of people living in extreme poverty, air pollution from solid fuel
combustion, and carbon emissions, an issue exacerbated by the fact that research into
the various drivers of carbon emissions has mainly focused on energy intensity, energy
mix, and industrial structure, with a lack of focus on the development of new energy
technologies, solid fuel combustion, agriculture, and tourism.

These potential gaps in knowledge combined with a lack of research in determining
whether or not China is able reach its goal of achieving a carbon peak by 2030 given its
outlined policies in the most recent 14th Five-Year Plan and Vision 2035 plan, to the best of
our knowledge, present an area for our study to target.

In analysing environmental factors, we found the STIRPAT model, standing for stochas-
tic effects of population, affluence, and technology regression, to be a commonly chosen
model in determining the impact of human activities on environmental pressures, partic-
ularly in carbon emissions [17], with Ma et al. (2017) employing the STIRPAT model to
assess the drivers affecting carbon emissions from existing public buildings in China from
2000 to 2015, demonstrating its prevalence even in a Chinese context [19].
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The model exists as an environmental assessment tool, first proposed by Ehrlich and
Holdren in 1974, with a broad range of applications in various fields, such as environmen-
tal impact assessment, climate change research, sustainable development, energy policy
and planning, and urbanisation and the environment, providing a powerful means of
understanding environmental issues and guiding decision-making [20–22].

Due to its simple and flexible structure, a derivation of this STIRPAT model can be
formed to use linear regression to identify the stochastic impacts of these factors. We
identify this derivation as the extended STIRPAT model, which will be further explained in
the method. This extension of the model allows for more effective integration of the various
complex multivariate relationships of the carbon emission problem, displaying a stronger
ability to analyse complex, nonlinear relationships in environmental data analysis [23].

This extended version of the STIRPAT model was used to investigate the drivers
of carbon dioxide emissions in China [18], demonstrating a precedent in the use of the
extended model in the environmental analysis of China.

We believe that the extended model’s reliability and scalability make it strong, enabling
a comprehensive assessment of issues such as environmental change and carbon emissions,
especially considering the potentially complexity of the relationship between the various
sectors of development and carbon emissions in China.

However, as the prerequisite for establishing a regression model is that the dependent
variable satisfies a normal distribution, to use the extended model in more complex datasets,
we would require the validation of our input data to ensure that they are fit for use for the
extended STIRPAT model [24].

To help validate the dataset and to ensure that the data can be analysed in a linear
regression analysis using the extended STIRPAT model, we found that the ADF test (the
augmented Dickey–Fuller test), Johansen’s test of cointegration, and the VIF method
(variance inflation factor) of factorial independence can be used [25].

Correlation between variables can be analysed through the Spearman correlation anal-
ysis, presenting as a more robust correlation method and one that is insensitive to outliers,
being more widely applied and not subject to the limitations of the linear relationship [26].

Ridge regression represents the best choice in regression analysis as it can assist in
addressing multicollinearity issues, which may arise due to the complex dataset that this
study aims to analyse, mitigating covariance through introducing a regularisation term,
and effectively controlling the magnitude of parameter estimates by imposing penalties on
the coefficients [27].

In representing the results obtainable from the extended model, visualisation tech-
niques allow for the easiest interpretation of data, allowing for a better understanding of
potential correlation between variables, with force-directed diagrams presenting as one
of the major visualisation techniques that allow for the simple graphical interpretation of
data [28–31].

From the limitations of prior research to the best of our knowledge, and considering
China’s goals of poverty eradication, tourism, agriculture, and the development of new
energy technologies, from China’s Vision 2035 plan and the commitment to reach peak car-
bon by 2030, we selected 12 factors to plot against China’s annual CO2 emissions: GDP per
capita, the proportion of people living in extreme poverty, electricity generation from fossil
fuels, deaths due to air pollution caused by solid fuels, per capita land used for agriculture,
and that for tourism, thermal energy storage technology, battery technology, electric vehicle
mechanical technology, electric vehicle storage technology, electric vehicle management
technology, and electric vehicle charging pile technology. Two carbon emission reduction
scenarios can be derived based on China’s 14th Five-Year Plan and Vision 2035: the standard
baseline scenario (FBU) and the green scenario with stricter environmental policies (SBU).
We believe that through analysing these factors through the lens of these two scenarios,
using data from 2002 to 2023, we will be able to aid in bridging the knowledge gap that
currently exists in the analysis of China’s carbon emissions, exploring the paths leading
to sustainable development by alleviating carbon emission concerns through discovering
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insights with various less researched contributors to China’s carbon emissions, accurately
determine and project China’s carbon emissions to determine their ability to reach their
environmental goals, and be able to offer novel policies to Chinese policymakers to help
reach China’s carbon emission targets.

Based on these two scenarios, the findings of past studies, and our selected factors,
four hypothesises can be derived:

Hypothesis 1 (H1). In the baseline scenario, the long-term relationship between GDP per capita
and carbon emissions in China satisfies the EKC theory [6].

Hypothesis 2 (H2). Fossil fuel power generation has the largest positive driving influence on
China’s carbon emissions.

Hypothesis 3 (H3). The development of new energy technologies will ease pressure on China’s
carbon emissions.

Hypothesis 4 (H4). China can meet its Peak Carbon Commitment by 2030 under the baseline scenario.

Through careful analysis of various datasets with a variety of appropriate techniques
informed by the contemporary literature, we will attempt to substantiate these hypotheses
to alleviate the limitations of past studies as well as generate suggestions for policymakers
to help carbon emissions in China.

Figure 1 shows the research framework, to provide a clearer outline of how our
research was carried out.
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2. Materials and Methods

Our research methodology included data collection, cleaning, and analysis.
We obtained data from eight publicly available official datasets that are closely related

to the themes and questions of the study. This was carried out as public datasets have a
higher degree of accessibility and transparency, which helps other researchers to validate
and replicate findings and ensures that the findings are widely applicable. Moreover, these
data are released by government departments, international organisations, or authoritative
bodies, which have a high degree of authority and credibility, and such data sources are
more likely to be subject to stringent quality control and monitoring, thus reducing the
likelihood of data errors or manipulation. At the same time, these datasets are largely
complete and have low data gaps, reducing the impact of data bias.

We collected data relating to the number of patent applications in the field of new en-
ergy in China in recent years from the International Renewable Energy Agency (IRENA) [32]
and the Energy Research Institute (ERI) [33], the proportion of the population living in
extreme poverty in China from the World Bank’s database [34], China’s carbon emissions
from the Global Carbon Project [35], GDP per capita and annual tourist arrivals from the
database of the National Bureau of Statistics (NBS) [36], fossil energy power generation
from Ember [37], Agricultural land per capita from the Food and Agriculture Organisation
of the United Nations (FAO) [38], and population deaths due to solid fuel combustion from
the World Health Organisation [39].

To handle this extensive dataset, we utilised the “Web Scraper” tool for data crawling.
We established filtering criteria within Web Scraper, enabling precise data extraction and
the exportation of the selected data [40,41]. To ensure data reliability, we employed the
culling method of identifying and subsequently removing outliers to minimise the impact
on data analysis and modelling [42].

The basic idea of the culling method is to identify and remove outliers from the data
set to reduce their impact on data analysis and modelling, employing a threshold-based
approach, setting reasonable threshold ranges based on the actual meaning and context of
each feature, considering data that exceed these threshold ranges as outliers, and flagging
them for further processing. For example, we found that the proportion of extremely poor
people in China in 2003 was a null value, and we eliminated it.

The abbreviations used in this study concerning the drivers we analysed are shown in
Table 1.

We then used Tableau to plot long-term trends using the 12 outlined variables. These
trend graphs were plotted to help one understand the evolutionary trends of these variables
as a whole and to identify early on which variables may be more important than others.

In mapping these trends, we first collected relevant data between 2002 and 2020,
cleaning and organising the data. Next, we performed the necessary aggregation, filtering,
and grouping operations on the data to better present the relationships and trends among
the variables. In terms of chart design, we considered factors such as colours, labels,
and line styles to ensure that the charts were clear and easy to understand and that they
accurately conveyed the evolution of the variables.

The final trend graph shows the trend of the 12 variables between 2002 and 2020,
allowing observers to visualise the evolution of these variables and identify trends that
may be significant.

Next, we conducted a Spearman correlation analysis on 12 variables, including ACO2,
pairwise. The Spearman correlation coefficient, a non-parametric indicator ranging from
−1 to 1, reflects the strength and direction of correlation. Negative coefficients closer to
−1 indicate a stronger negative correlation, while positive coefficients closer to 1 denote
a stronger positive correlation. Values closer to 0 suggest a weaker correlation, with the
method being robust across various data distributions and insensitive to outliers [43–45].

After analysing the correlations among variables, we summarised the Spearman corre-
lation coefficients and generated correlation heatmaps using Python code. Additionally,
we plotted correlation force-directed graphs between variables using Gephi.
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Table 1. Abbreviations used in this article.

Abbreviation Driver Calculation Method

ACO2 Carbon dioxide emissions Annual CO2 emissions (t) in China

SOPBPL Proportion of population living in
extreme poverty USD 2.15 a day—share of population below poverty line

EFFF Fossil fuel use Electricity from fossil fuels (TWh)

HAP Air pollution from solid fuels
Deaths that are from all causes attributed to

household air pollution from solid fuels per 100,000 people,
in both sexes, age-standardised

ALPC Agriculture Agricultural land per capita (HYDE (2017))
G Wealth per capita GDP per capita (USD)

TDIC Tourism development in China Tourist arrivals
TES Thermal energy storage Number of new patent applications in the field
EMT EV machine tech Number of new patent applications in the field

ES EV storage Number of new patent applications in the field
EM EV management Number of new patent applications in the field
B Batteries Number of new patent applications in the field

ECS EV charging stations Number of new patent applications in the field

Our force-directed graphs utilise a force-directed layout algorithm, simulating nodes
in the graph as atoms based on particle physics theory. By modelling the force field
between atoms, we derive the positional relationships between nodes. This algorithm
accounts for gravitational and repulsive forces between atoms to calculate node velocity and
acceleration, akin to the laws governing atomic or planetary motion, ultimately reaching
dynamic equilibrium [46].

We then carried out a linear regression analysis to provide a clearer picture. Linear
regression analysis is a statistical method that helps us understand the relationship between
the independent and dependent variables. This type of analysis quantifies the effect of
the independent variable on the dependent variable, identifies the key factors that affect
the dependent variable, and predicts the trend of the dependent variable. In addition,
by looking at the regression coefficients and significance levels, we can determine which
variables have the greatest explanatory power for the model and the overall fit of the model.
In addition, linear regression analysis can reveal underlying patterns and trends in the data,
providing valuable insights for relevant decision-making and strategy development.

We used the small sample normality test and Shapiro–Wilk test to assess the normality
of ACO2. A p-value greater than 0.05 indicates that the data conform to a normal distri-
bution and that the normality plot shows a symmetrical distribution of the data, which
suggests that the dataset meets the requirements for conducting linear regression analyses.

Then, to ensure the reliability of the input data, the ADF (Augmented Dickey–Fuller)
test was used to examine the stability of the independent variables [47]. The test is based
on the principle of determining whether or not there is a unit root in the data series. If the
variable has a p-value of <0.05, the ADF test considers it a smooth series.

To avoid the problem of pseudo-regression, we conducted a cointegration test on the
two unsteady series. We used the Johansen cointegration test method as it is more inter-
pretable for independent variables compared with the Engel–Granger (EG) cointegration
test method [48,49]. Based on the Johansen cointegration test interpretation, if the trace
statistic exceeds the 1% critical value, the current hypothesis is rejected. The results of
Johansen’s cointegration test are shown in Section 3.

To prevent the impact of multicollinearity on the regression equation, we assessed the
correlation coefficients and variance inflation factors (VIF) of the 12 variables included in
the model.

Multicollinearity detection involves checking for a VIF (variance inflation factor)
greater than 10, which indicates the presence of multicollinearity between variables. A VIF
greater than 100 indicates severe multicollinearity. The use of OLS regression, which is
widely used in this study, may not be appropriate if severe multicollinearity exists in the
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dataset. Instead, ridge regression is a more appropriate choice. OLS regression (ordinary
least squares regression) may lead to unstable or even unexplained coefficient estimates in
the presence of multicollinearity.

Ridge regression, on the other hand, solves the problem of multicollinearity by intro-
ducing regression terms, thus improving the stability and generalisation of the model. In
ridge regression, by controlling the ridge parameter (regularisation parameter), the effect
of multicollinearity on coefficient estimation can be reduced, resulting in more reliable and
robust results. Therefore, we chose ridge regression as the analytical method to ensure the
accuracy and reliability of the model.

After verifying that the dataset is fit for linear regression, we used a derivation of the
STIRPAT model.

The STIRPAT model can be expressed in equation form as follows:

I = aPbAcTdε (1)

where I represents environmental impact, while P, A, and T are typically expressed in terms
of population size, GDP per capita, and energy consumption per unit of GDP. The variables
b, c, and d represent ecological elasticities, a represents the model constant term, and ε

represents the error term.
The equation of the STIRAT model can be transformed into a multiple linear regression

equation by introducing natural logarithms to both sides:

ln I = ln a + bln P + cln A + dln T + ln ε (2)

where I, P, A, T, a, b, c, d, and ε are the same as in Equation (1).
This extended STIRPAT model was then used to analyse the relationship between

China’s annual CO2 emissions and various independent variables, including GDP per
capita, tourism development, fossil fuel power generation, and 9 other factors, through the
linear regression method. The model is expressed as follows:

ln C = β0 + β1ln ECS + β2ln G + β3ln SOPBPL + β4ln EFFF + β5ln HAP + β6ln ALPC
+β7ln TDIC + β8ln TES + β9ln EMT + β10ln ES + β11ln EM + β12ln B

(3)

where C represents CO2 emissions, ECS, TES, EMT, ES, EM, B denotes new energy tech-
nology development (the number of new patent applications in the field of new energy),
G represents affluence (GDP per capita), SOPBPL represents the proportion of population
living in extreme poverty (USD 2.15 a day—the share of the population living below the
poverty line), EFFF represents fossil fuel use (electricity from fossil fuels (TWh)), HAP
represents air pollution from solid fuels (household air pollution from solid fuels per
100,000 people, in both sexes, age-standardised), ALPC is agricultural land per capita, and
TDIC is tourism development in China (tourist arrivals).

We plotted ridge trace plots using SPSS 24.0 software, a graphic that helped us to
determine the minimum K value at which the standardised regression coefficients of the
respective variables tend to stabilise. Ridge trace plots provided an intuitive way to help
us select appropriate ridge parameters and optimise the performance of the model. We
used Origin to plot the fitted values of carbon emissions against the true values, and
through visualisation techniques, we were able to assess the performance of the model
more accurately.

Based on the data from China’s 14th Five-Year Plan and Vision 2035, we set up
two carbon emission modelling scenarios, namely the baseline scenario (FBU) and the
green scenario (SBU). The green scenario adopts more stringent environmental protection
measures than the baseline scenario, which includes reducing the amount of fossil fuels
used, strengthening the protection of agricultural land per capita, and so on.

By inputting the data from the two carbon emission simulation scenarios into the ridge
regression model, we can predict China’s carbon emissions and visualise the predicted
data through Origin 2022 software. Through visualisation, we can intuitively observe the
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trends, changes, and patterns of the predicted results so that we can understand the model’s
predictive ability regarding China’s carbon emissions in a more comprehensive way.

3. Results

Using the various data visualisation techniques outlined, we derived diagrams to help
illustrate our findings.

Figure 2 illustrates the trend graphs of the 12 variables analysed from 2000 to 2020, in-
dicating their respective numbers over time. It shows that between 2000 and 2020, SOPBPL,
ALPC, and HAP exhibited an overall decreasing trend, while EFFF and G demonstrated an
overall increasing trend.

Figure 3 shows the relevant force orientation diagram derived from the force-directed
layout algorithm, with node size reflecting the strength of correlation with annual CO2
emissions, and larger nodes indicating stronger correlations. Yellow nodes denote positive
correlations, while red nodes signify negative correlations. The line segment thickness il-
lustrates the correlation strength between nodes, with thicker segments indicating stronger
correlations. The line colour represents positive or negative correlations, with yellow indi-
cating positive and red indicating negative. Spatial distance between nodes is influenced
by correlation; weaker correlations result in greater spatial distance.

The figure shows the correlation force orientation of the 12 variables of China’s annual
CO2 emissions, where nine yellow nodes—EM, EFFF, TES, ECS, EMT, B, GDP (GDP per
capita), TDIC, and ES—indicate a positive correlation with ACO2.
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In Figure 4, the labels on the X axis (horizontal) and Y axis (vertical) represent the
variables of interest, and the values in the graph represent the correlation coefficients
between the variables, namely between the 12 variables of our study. Filled segments
denote positive or negative correlations; red signifies positive, and blue signifies negative.
The colour intensity reflects the correlation strength between variables. For correlation
coefficients greater than 0, values closer to 1 denote stronger correlations, while values
further away indicate weaker correlations. Conversely, for coefficients less than 0, proximity
to 0 signifies weaker correlations, while proximity to −1 indicates stronger correlations
between variables.
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We observed a clear correlation between some variables. This includes the SOPBPL
variables, which are depicted as red nodes with a larger radius in the correlation force-
orientated graph. In addition, the new energy development indicators (TES, EMT, ES, EM,
ECS, and Batteries) are depicted as large yellow nodes in the correlation-directed graphs,
which stimulates our interest in exploring the relationship between these variables and
carbon emissions.

Figure 5 depicts the normal Q–Q plot, generated through the Shapiro–Wilk test,
confirming that our study’s dataset adheres to a normal distribution (p = 0.189), so we can
perform a linear regression analysis of the data.
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The results of the ADF test are presented in Table 2, showing that EFFF and B are not
smooth series (p > 0.05), while all the other variables are smooth series (p < 0.05).

Table 2. The results of the ADF (augmented Dickey–Fuller) test for the model variables.

Variable ADF Statistic Significance Stability

ln SOPBPL −5.909 0.000 *** stable
ln EFFF −2.599 0.093 * stable
ln HAP −7.712 0.000 *** stable

ln G −3.763 0.003 *** stable
ln ALPC −7.561 0.000 *** stable
ln TDIC −7.048 0.000 *** stable

ln B 1.831 0.998 unstable
ln TES −3.431 0.010 *** stable
ln EMT −4.522 0.000 *** stable

ln ES −3.222 0.019 ** stable
ln EM −1.332 0.614 unstable
ln ECS −3.557 0.007 *** stable

Note: ***, ** and * represent the 1%, 5% and 10% significance levels, respectively.

The results of the Johansen cointegration test are presented in Table 3. The test
results confirmed a long-term, close relationship between the variables, and their linear
combination is smooth, further substantiating the linear regression analysis results.
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Table 3. The results of the Johansen cointegration test.

Cointegration Assumption Trace Statistic 1% Threshold

No cointegration relationship exists 24.306 19.935
Up to one relationship exists 1.394 6.635

The VIF test results are presented in Table 4. The analysis results reveal that the
variables in this study have VIF values greater than 10, and, in some cases, even greater
than 100. This suggests that there is a problem of multicollinearity between the variables.

Table 4. Results of covariance detection between multiple variables.

Variable ln SOPBPL ln EFFF ln HAP ln G ln ALPC ln TDIC ln B ln TES ln EMT ln ES ln EM ln ECS

VIF >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100

Table 5 shows the expected value added of each input variable of this model from 2020
to 2030, with data adjusted on the basis of China’s 14th Five-Year Plan and Vision 2035.

Table 5. Policy simulation.

Scenario SOPBPL EFFF HAP G ALPC TDIC B TES EMT ES EM ECS

FBU −0.01% 8% −10% 6% −2% 1% 1% 1% 1% 1% 1% 1%
SBU −0.01% −8% −10% 6% −1% 1% 1% 1% 1% 1% 1% 1%

The results of the ridge regression analysis are presented in Table 6. Based on the
results of ridge regression in Table 6, we analysed the F-value and found its significance to
be p < 0.01, indicating that the regression model is statistically significant. The goodness
of fit, R2 = 0.98, suggests that the model accounts for most of the important influencing
factors and that the fitted data points are close to the regression line, demonstrating a high
degree of reliability and excellent performance.

Table 6. The results of the ridge regression analysis.

Variable
Unstandardised Coefficients Standardised

Coefficient Beta t p
B Std. Error

Constant 7.5 0.159 - 47.261 0.000 ***
ln SOPBPL −0.007 0.004 −0.086 −2.631 0.064 *

ln EFFF 0.036 0.012 0.11 2.911 0.033 **
ln HAP −0.026 0.005 −0.095 −4.734 0.005 ***

ln G 0.031 0.007 0.102 4.706 0.005 ***
ln ALPC −0.176 0.144 −0.047 −2.229 0.074 *
ln TDIC 0.026 0.005 0.122 4.97 0.004 ***

ln B 0.011 0.002 0.095 4.31 0.008 ***
ln TES 0.009 0.004 0.079 2.962 0.071 *
ln EMT 0.003 0.003 0.033 2.009 0.089 *

ln ES 0.006 0.002 0.062 2.702 0.043 **
ln ECS 0.004 0.003 0.053 2.572 0.077 *
ln EM 0.012 0.003 0.111 3.634 0.015 **

R2 = 0.98
Adjust R2 = 0.965

F = 39.896, p = 0.000 ***

Note: ***, **, and * represent the 1%, 5%, and 10% significance levels, respectively.

The regression equation is as follows:
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ln C = 7.5 + 0.004ln ECS + 0.031ln G − 0.007ln SOPBPL + 0.036ln EFFF − 0.026ln HAP − 0.176ln ALPC
+0.026ln TDIC + 0.009ln TES + 0.003ln EMT + 0.006ln ES + 0.012ln EM + 0.011ln B

(4)

The forecasting of CO2 emissions in China based on the extended STIRPAT model can
be represented as follows:

C = EXP(7.5 + 0.004ln ECS + 0.031ln G − 0.007ln SOPBPL + 0.036ln EFFF − 0.026ln HAP
−0.176ln ALPC + 0.026ln TDIC + 0.009ln TES + 0.003ln EMT + 0.006ln ES + 0.012ln EM + 0.011ln B)

(5)

Based on Equations (4) and (5), it can be concluded that the independent variables
included in the model have a significant impact on China’s annual CO2 emissions. Among
these factors, the most significant impact is on agricultural land per capita, which reduces
carbon emissions by 0.176% for every 1% increase. The weakest factor is the mechanical
technology of electric vehicles, with carbon emissions increasing by 0.003% for every 1%
of growth.

Figure 6 displays the ridge trace plot of the model. The Y axis represents the stan-
dardised coefficients of the independent variables, and the X axis indicates the value of K.
The relationship between R2 and K value is shown in (b). The selection principle for the
value of K is to identify the minimum value where the standardised regression coefficients
of each independent variable stabilise. Upon examining Figure 6, it is evident that the
standardised coefficients of each independent variable stabilise gradually as the value of K
approaches 0.127.
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Figure 7 displays the fitted values compared with the true values for carbon emissions.
The black curve represents the true value, while the red curve represents the fitted value,
and the cyan-filled area represents the difference between the fitted value and the true
value. Based on Figure 8, it can be observed that the fitted curve closely approximates the
true curve, with a maximum error of 3.1%, a minimum error of 0.018%, and an average
error of less than 2%. This indicates that the fitted curve is highly reliable.
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Figure 8a shows the carbon emission projections of this model for China from 2020
to 2030, showing how carbon emissions change over time, with the Green Scenario SBU
reaching peak carbon emission by 2030 and the Baseline Scenario FBU not reaching it, while
(b) shows the projected GDP per capita for 2020–2030.

4. Discussion

Our analysis of the various data sources reveals some critical insights into the relation-
ship between different sectors, and their effects on carbon emissions. All our data derived
from the extended STIRPAT model had an R2 fit of 0.98, indicating good reliability, and
predictability in our results.

The trends seen in Figure 2, with some variables having decreasing trends and other
ones having increasing trends, may be influenced by a variety of underlying factors:
governments may have implemented poverty reduction and environmental protection
policies that may have driven trends in the poverty headcount ratio and improved air
quality; at the same time, economic growth and technological advances may have led
to an increase in fossil fuel use and GDP per capita, the specific details of which are not
discussed in this paper. Conversely, ACO2, TDIC, TES, EMT, ES, EM, B, and ECS displayed
an increasing trend before 2019, followed by a sudden decrease after 2019, likely attributed
to the novel COVID-19 pandemic, because tourism and industrial activities were restricted
globally during this period [50].
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From our force-directed diagram in Figure 3, we find that the spatial distances between
these nodes are more compact, suggesting a closer correlation between ES, B, and G than
the other variables.

Conversely, EM, EFFF, TES, and EMT are more distant, indicating lower mutual
influence. EMT stands out as relatively independent and less susceptible to the influence of
other variables.

Additionally, the figure shows three red nodes—ALPC, SOPBPL, and HAP—indicating
a negative correlation with ACO2; these correlations may represent variables influenced by
measures such as emissions reduction policies, clean energy technologies, or carbon neutrality.

From Figure 8, we find that for each 1% increase in per capita GDP, there is a corre-
sponding increase of 0.031% in carbon emissions in the baseline scenario (FBU), showing
that the long-term relationship between carbon emissions and GDP per capita does not
show an inverted U-shape curve. This suggests that China’s economic growth is strongly
correlated with its carbon emissions, and the results of Imen Tebourbi’s study on five de-
veloping countries in the ASEAN region, which found a strong correlation between carbon
emissions and the economy using a pooled mean group estimator, which is a common
drawback in developing countries globally, agree with ours [51]. Therefore, hypothesis 1
is rejected.

From Equation (5), we find that for every 1% increase in EFFF, carbon emissions
increase by 0.036%, which indicates that fossil fuels have the largest positive driving effect
on carbon emissions in China, thus confirming hypothesis 2. Chinese policymakers should
be aware of China’s heavy reliance on fossil fuels, and promoting the green transformation
of energy-consuming firms and the establishment of a mature and stable carbon emissions
trading market will help to alleviate this problem. The results of our study are consistent
with the results of Jiaxi’s study. Our results are consistent with the study by Jiaxi Cao in 2023,
which the researchers used the standard deviation ellipse, emission kernel density, and the
Terrell index to analyse the spatial and temporal characteristics and dynamic evolution of
carbon dioxide emitted from fossil fuels in China from 2000 to 2019, and which also used a
genetic algorithm (GA)-optimised backpropagation (BP) neural network to predict that the
amount of fossil fuel-generated CO2 will continue to grow in the coming years and that
fossil fuel combustion in China is a major contributor to carbon emissions [52].

Our ridge analysis also determined that for each 1% increase in electric vehicle charg-
ing stations, electric vehicle management technologies, electric vehicle energy storage
technologies, electric vehicle machine technologies, thermal energy storage technologies,
and battery technologies, vehicle carbon emissions will increase by 0.004%, 0.012%, 0.006%,
0.003%, 0.009%, and 0.011%, respectively. We discovered that an increase in new energy
technology patents correlated with an increase in carbon emissions. Potentially in the short
term, this may be due to how the development of new energy sources will require more
fossil fuel consumption, and thus indirectly increase carbon emissions, an idea supported
by [53], Therefore, simply expanding the new energy market may not be an effective mea-
sure to reduce carbon emissions. Instead, pursuing high-quality development of the new
energy sector is a more practical approach to curbing carbon emissions. The long-term
effects, however, are not clear, and would need to be explored further in future research.
Thus, hypothesis 3 is rejected.

According to the FBU model shown in Figure 8, carbon emissions are projected to
grow linearly, which means that China is not expected to meet its carbon emissions target
by 2030. Therefore, hypothesis 4 is rejected. Our findings are consistent with Weidong
Liu’s study in 2022, which developed a mathematical model to simulate different scenarios
related to carbon intensity reduction through the random forest algorithm, and the results
suggest that a scenario with a high percentage of fossil energy consumption may not allow
China to meet its target of carbon peaking by 2030 [54].

From our results, we can determine that if the government aims to reduce ACO2
emissions without significantly impacting other variables, it could focus on suppressing
EMT. Various other methods may be implemented to help China reach its goals.
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4.1. Policy Recommendations

Based on the results of this study and existing research, we propose the following
policy recommendations to help China achieve its 2030 carbon emissions target:

4.1.1. Pro-Poor Policy Adjustment

From Equation (5), we see that every 1% reduction in the proportion of people in
extreme poverty will lead to a 0.007% increase in carbon emissions. This result is supported
by Philip Wollburg’s findings, showing that pro-poor policies do not exacerbate carbon
emissions [55]. However, regional differences may lead to different results, and are beyond
the current scope of our study.

Therefore, we suggest that regional differences be considered and investigated more
thoroughly in future research before formulating pro-poor policies to minimise the possible
impact on carbon emissions.

4.1.2. Sustainable Development of Tourism and Agriculture

According to Equation (5), every 1% increase in tourism will lead to a 0.026% increase
in carbon emissions, and every 1% decrease in agriculture will lead to a 0.176% increase
in carbon emissions. This relationship is supported by Zhang Jiekuan’s study, which
emphasises the two-way causal relationship between carbon emissions and tourism [56],
and Congjia Huo’s study, confirming that increased agricultural productivity suppresses
the intensity of agricultural carbon emissions [57]. In order to reduce the negative impact
of tourism and agriculture on carbon emissions, we suggest the following measures:

• Formulate and implement a sustainable development plan for the tourism industry,
including promoting green tourism and low-carbon modes of transport;

• Strengthen the regulation of carbon emissions from tourist attractions and hotels, and
promote their adoption of clean energy and energy-saving technologies.

4.1.3. Economic Growth and Energy Use

Our results indicate a strong causal relationship between economic growth and fos-
sil fuel utilisation with carbon emissions, correlating with Li Rongrong’s global-scale
study [58]. Based on this finding, we recommend the following:

• Formulate and implement stricter energy use policies, promoting the use and de-
velopment of clean energy, and establishing a mature and stable carbon emissions
trading market;

• Encourage enterprises to adopt more environmentally friendly and efficient production
processes and technologies to reduce energy consumption and carbon emissions.

4.1.4. Reduce Solid Fuel Air Pollution

According to Equation (5), every 1% decrease in the number of deaths caused by air
pollution from solid fuels will result in a 0.026% increase in carbon emissions, a relationship
that is not very well studied in the present literature. However, based on the relation-
ship shown in our results, taking the following measures will help to reduce solid fuel
air pollution:

• Promote developing and applying clean energy technologies to replace traditional
solid fuel use;

• Develop and implement stricter solid fuel emission standards and regulatory measures
to reduce air pollutants from solid fuel combustion.

4.1.5. High-Quality Development of the New Energy Sector

From our results, we find that the rapid development of new energy technologies
exacerbates carbon emissions, a notion supported by Cang Dingbang’s findings in 2021 [53];
from that relationship, we recommend the following:
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• That governments formulate comprehensive new energy policies, including support
for technological innovation, guidance on industrial policies, market regulation, and
international cooperation, to promote high-quality development of the new energy
sector so as to effectively reduce carbon emissions from vehicles and achieve the goal
of sustainable development;

• Policies for the high-quality development of the new energy sector should include
promoting the construction of more electric vehicle charging stations, especially in
cities and high-density-population areas;

• That the government provides financial support and tax incentives to encourage en-
terprises and individuals to invest in the construction of charging infrastructures,
strengthen the research, development, and application of electric vehicle management
technologies, encourage the research and application of more efficient electric vehicle
energy storage technologies, improve the overall vehicle performance and manufactur-
ing process of electric vehicles, and reduce energy consumption and carbon emissions;

• Investing in supporting the research and development of thermal energy storage
technologies to improve energy utilisation efficiency and reduce carbon emissions,
especially in applying renewable energy sources such as solar and wind energy;

• Strengthening research and innovation in battery technology to improve the energy
density, cycle life, and safety of batteries and promote the development and populari-
sation of electric vehicles.

4.1.6. Summary of Policy Recommendations

In summary, our study provides the following policy recommendations for China to
achieve its 2030 carbon emission targets:

• Adjust poverty alleviation policies to take into account regional differences and reduce
the possible impacts of carbon emissions;

• Formulate and implement a sustainable development plan for tourism to reduce the
negative impact of tourism on carbon emissions;

• Formulate and implement stricter energy use policies to promote the use and develop-
ment of clean energy;

• Strengthen the regulation of air pollution from solid fuels and reduce air pollutants
from solid fuel combustion, thereby reducing carbon emissions.

These recommendations, however, are simply derivatives of the relationships between
our chosen 12 factors and China’s carbon emissions obtained from our results. Thus,
confirming the effects of these policies, both short-term and long-term, are beyond the
scope of our study. In future research, the problem of linear model limitations will be
solved by machine learning regression models such as random forest.

5. Conclusions

China’s carbon emission targets have become more scrutinized in recent times due
to rising global concerns for environmental issues, with China being one of the major
contributors to carbon emissions. In analysing various factors, including those less re-
searched, we can see if China can reach their commitment to the carbon peak by 2030,
while also providing insights into the relationship between carbon emissions and the less
studied factors.

Based on the extended STIRPAT model constructed in this study and the ridge re-
gression results, we found that China’s carbon emissions are significantly affected by the
proportion of people living in extreme poverty, air pollution, agricultural land, tourism
development, fossil fuel power generation, and new energy sources. Correlation and regres-
sion analyses indicate that agricultural land per capita significantly impacts China’s annual
carbon dioxide emissions, followed by fossil fuel power generation. This highlights the
importance of government agencies balancing economic development with environmental
protection. From the influence these factors have on China’s carbon emissions, as well as
carbon emission projections constructed from the two scenarios created in China’s 14th
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Five-Year Plan and Vision 2035, we can determine that China is currently not on track to
achieve its goal of achieving the carbon peak by 2030. From the results of past studies, we
also provided some policy recommendations that may help China reach its goals.

Through the establishment of an analytical framework based on the extended STIRPAT
model, exploring the ways to reach the peak of carbon emissions through the implemen-
tation of environmental policies by analysing the main drivers of carbon emissions in
China in depth, while providing an in-depth analysis of the relationships between the
less analysed drivers of carbon emissions, establishing a force-oriented network diagram
data analysis framework that provides an in-depth understanding of the main drivers
of carbon emissions in China, and determining the ability of China to reach its carbon
emission commitments, this study fills in the gaps left by existing knowledge to the best of
our knowledge.

Additionally, this study provides valuable policy recommendations and theoretical
insights for policy makers and environmental experts. These policies include focusing
on agricultural development, phasing out high energy-consuming industries, focusing
on carbon emission reduction in parallel with poverty alleviation, establishing a sound
monitoring system for the tourism industry, accelerating the green transformation of
coal enterprises, and pursuing the high-quality development of the new energy sector.
These recommendations provide a feasible carbon reduction pathway for achieving the
commitment to peak carbon emissions by 2030.

This study contributes to further development in the theoretical understanding of
the various factors that contribute to carbon emissions in China, particularly with the
currently less researched factors, encouraging continued study on the effects of new energy
technologies, poverty, agriculture, and tourism on carbon emissions, especially in EMT, as
it seems to affect carbon emissions in a significant manner, while not currently being well
researched in terms of its effects on carbon emissions to the best of our knowledge.

In future research, the problem of linear model limitations will be solved by machine
learning regression models such as random forest, which will help to improve forecast
reliability. Moreover, the random forest regression model does not require smooth data
input, which broadens the application field of the model. Evaluating the importance
of random forest features can help determine the degree of contribution of the feature
variables, filter out the main driving factors of China’s carbon emissions, and finally,
allow us to obtain a carbon emissions prediction model with high stability and high
accuracy. By applying these nonlinear models, we will be more confident in predicting
China’s carbon emissions, and be able to provide more accurate and insightful information
for policymakers.
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