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Introduction: As the world’s largest carbon emitter, China’s decarbonization
efforts are critical to global climate governance. Existing studies have mainly
focused on carbon emissions at the national level in China, with less attention
paid to the provincial level, especially in analyzing less developed regions in
northwest China (e.g., Qinghai Province). This study explores specific carbon
reduction pathways for less developed provinces, represented by Qinghai
Province, by analyzing in depth the potential carbon emission risks in
the province.

Methods:Using data fromQinghai Province’s 14th Five-Year Plan and Vision 2035
documents, we developed three carbon reduction scenarios (baseline,moderate,
and stringent). We used the extended STIRPAT (Stochastic Impacts of Population,
Affluence, and Technology Regression) model and ridge regression to analyze
the impacts of five key drivers: population size, primary electricity utilization, GDP
per capita, primary industry output, and agricultural fertilizer use. Scenario
projections are complemented by advanced visualization techniques to
improve policy relevance.

Results: Our analysis reveals three important findings: (1) an environmental
Kuznets curve pattern emerges between GDP per capita and carbon
emissions; (2) population growth is recognized as a major driver of carbon
emissions, with each 1% increase in population leading to a 3.184% rise in
carbon emissions; and (3) the strategic development of primary electricity
shows a huge potential for emission reduction. With stringent environmental
protection measures, Qinghai can cap its carbon emissions by 2030, in line with
national climate goals.

Discussion: These findings challenge conventional assumptions about
underdeveloped regions’ climate roles, demonstrating that targeted provincial
strategies can significantly contribute to national decarbonization goals. The
inverted U-curve relationship suggests economic development and emission
reduction can be synergistic post-threshold GDP levels. We recommend
prioritized investments in renewable energy infrastructure and population-
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optimized urbanization policies. This provincial-level modeling approach provides
a replicable framework for other developing regions balancing economic growth
with climate commitments.
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1 Introduction

The global acceleration of industrialisation and urbanisation has
intensified carbon emissions, positioning them as a pivotal challenge
in addressing climate change. The 2015 Paris Agreement
underscored this urgency by setting a long-term temperature
control goal, urging nations to strive to limit global warming to
1.5°C. Achieving this target necessitates unprecedented global
efforts, including rapid decarbonisation and enhanced policy
measures (Rogelj et al., 2018). Despite such initiatives, the global
greenhouse effect remains unmitigated, highlighting the need for
targeted interventions. As the largest developing nation and the
world’s leading carbon emitter, China’s efforts in carbon reduction
hold critical global significance. Comprehensive datasets and
analyses of China’s carbon emissions from 1997 to 2015 have
spotlighted its pivotal role in global mitigation strategies (Shan
et al., 2018).

China’s ambitious “dual-carbon” targets—peaking emissions by
2030 and achieving carbon neutrality by 2060—reflect its
commitment to sustainable development and global climate
governance. However, existing research has predominantly
focused on national-level analyses or economically advanced
provinces, often neglecting the carbon dynamics of less developed
regions (Yang et al., 2022; Wang et al., 2021; Ma et al., 2021; Zhang
et al., 2022). Studies investigating regional disparities reveal that less
developed provinces, such as those in northwestern China, possess
significant yet underexplored carbon potential (Zha et al., 2010; Liu
et al., 2011; Zhu et al., 2012; Fan et al., 2013; Li et al., 2024; Wang
et al., 2016; Chandler et al., 2002). For instance, while provinces like
Fujian and Guangdong have been examined for their carbon drivers,
Qinghai Province remains underrepresented in these analyses
despite its unique socio-economic and environmental profile.

Qinghai Province, located in northwestern China, exemplifies
the intricate interplay between economic growth, resource
utilisation, and environmental sustainability. With a GDP
ranking 30th nationwide and carbon emissions accounting for
only 0.5% of the national total, Qinghai represents a microcosm
for studying the nuanced drivers of carbon emissions in less
developed regions (Economic Performance, 2023; Chen et al.,
2024; Zhao X. et al., 2022; Guan et al., 2021; Tian et al., 2024).
Its socio-economic structure, marked by a rising secondary industry
share and ambitious clean energy initiatives, presents a compelling
case for examining the balance between industrialisation and
environmental stewardship (Chen et al., 2020; Liu et al., 2021;
National Development and Reform Commission of the People’s
Republic of China, 2022; O rganic et al., 2024; Xiong et al., 2016; Si
et al., 2024; World Development, 2021; Carbon-Neutral Future,
2022; National Bureau of Statistics, 2023).

However, existing studies often overlook critical dimensions in
Qinghai’s carbon emission dynamics. While methodologies such as
the Tapio decoupling model and logarithmic mean division index
(LMDI) decomposition have revealed correlations between
economic development and carbon emissions (Zhao X. et al.,
2022), their applicability to less developed provinces require
further refinement. Additionally, despite Qinghai’s strides in
green agricultural practices, studies have not thoroughly explored
the localised impacts of emission reduction initiatives (Liu et al.,
2021; National Development and Reform Commission of the
People’s Republic of China; O rganic et al., 2024). Furthermore,
Qinghai’s clean energy potential—88.2% of its total power
generation is from renewable sources—remains insufficiently
analysed in terms of its mitigating effects on carbon emissions
(Si et al., 2024; World Development, 2021; Carbon-Neutral
Future, 2022; National Bureau of Statistics, 2023; Zhao C.
et al., 2022).

Research methodologies employed in previous studies also
present limitations. Analyses often lack advanced visualisation
techniques to effectively communicate findings, and broad
regional studies dilute the specificities of less developed provinces
like Qinghai (Fang et al., 2019). The scalable STIRPAT model, an
extension of the foundational IPAT framework, provides an
opportunity to address these gaps by capturing the intricate
causal relationships in environmental dynamics (Rokhmawati
et al., 2024; Dietz and Rosa, 1997; Shahbaz et al., 2016). The
Environmental Kuznets Curve (EKC) hypothesis further
complements this approach, offering insights into the interplay
between economic growth and environmental degradation
(Hassan et al., 2024; Aminzadeh et al., 2021). However, these
theoretical frameworks have rarely been applied in conjunction
with robust statistical methods to study Qinghai Province’s
unique characteristics.

To address these limitations, this study employs the extended
STIRPAT model and EKC hypothesis to examine the drivers of
carbon emissions in Qinghai Province. By focusing on key factors
such as economic growth, energy development, and agricultural
practices, the study aims to elucidate the main contributors to
carbon emissions and evaluate the province’s progress toward its
carbon peak target. The study also incorporates advanced
econometric techniques, including the ADF test and Johansen’s
cointegration equation, to ensure data accuracy and mitigate
potential methodological biases (Lv and Wang, 2016; Adewale
Alola, 2021; Li J. et al., 2023; Wang et al., 2019).

In doing so, this research fills critical gaps in existing literature,
providing nuanced insights into the carbon dynamics of less
developed regions. The findings are expected to inform targeted
policy measures, facilitating Qinghai’s alignment with China’s

Frontiers in Environmental Science frontiersin.org02

Li et al. 10.3389/fenvs.2025.1513751

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2025.1513751


broader “dual carbon” goals and contributing to global climate
change mitigation efforts.

This focused analysis lays the groundwork for the subsequent
section, which formulates specific hypotheses to investigate Qinghai
Province’s carbon emission drivers.

2 Research hypothesis

Against the backdrop of China’s dual-carbon target and the
unique socio-economic and environmental characteristics of
Qinghai Province, this study aims to explore the drivers of
carbon emissions in less developed regions. The extended
STIRPAT model and the Environmental Kuznets Curve (EKC)
hypothesis are the theoretical foundations of this study. The
STIRPAT model, an extension of the IPAT framework, provides
a powerful analytical tool to study the impacts of human activities on
environmental pressures, especially carbon emissions (York et al.,
2003). Meanwhile, the EKC hypothesis offers insights into the
relationship between economic growth and environmental
degradation, proposing an inverted U-shaped curve that suggests
environmental quality improves after a certain level of economic
development (Dinda, 2004).

Based on these theoretical frameworks, the following hypotheses
are proposed:

Hypothesis 1. Economic growth is the most important driver of
carbon emissions in Qinghai Province.

As industrialisation accelerates in Qinghai Province, the
demand for energy-intensive activities is expected to increase,
leading to a rise in carbon emissions. This hypothesis aligns with
previous studies demonstrating that economic growth is a primary
driver of carbon emissions, particularly in developing regions
(Wang and Zhang, 2021).

Hypothesis 2. Strong development of primary electricity will
effectively mitigate carbon emissions.

This assumption is based on the premise that clean energy
sources such as solar, wind, and hydropower can significantly reduce
carbon emissions. The abundance of clean energy resources in
Qinghai Province and its strategic position in China’s clean
energy policy provide a unique opportunity to test this
hypothesis. The extended STIRPAT model incorporates energy-
related variables to provide a nuanced analysis of the impact of
primary electricity development on carbon emissions. A study
validating the dual role of renewable energy in reducing carbon
emissions and promoting economic growth supports this premise,
providing essential guidance for energy policy formulation (Saidi
and Omri, 2020).

Hypothesis 3. Qinghai Province’s per capita GDP and carbon
emissions support the EKC hypothesis.

This hypothesis is based on the EKC framework, which suggests
that environmental degradation initially worsens with economic
growth but eventually improves at higher income levels. By
examining the relationship between GDPs per capita and carbon
emissions in Qinghai Province, this study seeks to verify the
applicability of the EKC hypothesis in less developed regions. A

study examining the relationship between economic complexity and
carbon emissions in EU countries, based on the EKC framework,
supports the hypothesis’s applicability in different contexts
(Neagu, 2019).

Hypothesis 4. Under at least one scenario, Qinghai Province will
reach its carbon peak in 2030.

This scenario evaluates the feasibility of Qinghai Province
achieving China’s dual-carbon target. By modelling three
economic development scenarios—high economic growth (FLW),
medium economic growth (FBU), and green development (FHG)—
this study assesses the effectiveness of policy interventions in
reducing carbon emissions. Previous studies employing scenario
analysis have demonstrated that targeted policy interventions can
enable Chinese provinces to achieve their carbon peak targets (Sun
et al., 2022).

Based on these hypotheses, this study aims to reveal the impact
of various factors on regional carbon emissions. The findings are
expected to provide an empirical basis for formulating and
optimising carbon emission reduction policies in Northwest
China, as well as offer a reference for nationwide carbon
emission management strategies.

3 Materials and methods

Our study covers data collection, cleaning, and analysis. The
collection included three official data sources: the Qinghai
Provincial Bureau of Statistics, the Qinghai Provincial Statistical
Yearbook, and the China Statistical Yearbook and the data cleaning
was carried out using the screening method (the observation time
series of the model is between 2001 and 2021). The purpose of this
study is to predict the carbon emissions in Qinghai Province by
building the extended STIRPAT model, which contains several
variables, including the amount of agricultural fertiliser used in
Qinghai Province. Firstly, all the variables in the model were tested
for smoothness using the ADF (Augmented Dickey-Fuller) method,
and the Johansen cointegration test was used to verify the
cointegration of the variables that did not pass the smoothness
test, and the cointegration of the variables that did not pass the
smoothness test. Tests for cointegration of the variables, grey scale
correlation, and VIF analysis of the smoothed data revealed strong
correlations and multicollinearities between some of the variables
involved in this model. To avoid covariance and overfitting, this
study used ridge regression to construct the equations to predict the
carbon emissions in Qinghai Province from 2022 to 2035. Three
scenarios, FLW, FAU and FHG, are simulated in this study, and the
specific time of Qinghai Province’s arrival at the carbon peak and the
carbon emissions under the three scenarios are compared to verify
whether they can meet the target of the Qinghai government to
reach the carbon peak before 2030, and to put forward reasonable
suggestions.

3.1 Data sources

Data was sourced from three reputable official datasets that are
pertinent to the research objectives and inquiries. The selection of

Frontiers in Environmental Science frontiersin.org03

Li et al. 10.3389/fenvs.2025.1513751

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2025.1513751


publicly accessible datasets was strategic, as they offer greater
transparency and ease of access, facilitating the research
community’s validation and replication of results. Such datasets,
issued by governmental bodies, international organisations, or
authoritative entities, are endowed with heightened credibility
and authority. Furthermore, these sources are typically subject to
rigorous quality control and oversight, which minimises the
potential for data inaccuracies or manipulation. The
comprehensive nature of these datasets, with minimal gaps, also
helps to mitigate the effects of data bias.

We collected primary electricity production and total primary
energy production from the Qinghai Provincial Bureau of Statistics

(Bureau of Statistics, 2024), population size, GDP per capita, coal
production, industrial output, primary industry output, total energy
consumption, fertiliser use, and related data from the Qinghai
Provincial Statistical Yearbook (Statistical Yearbook, 2023), and
data related to the level of urbanisation from the China Statistical
Yearbook (China Statistical, 2023).

The study implemented an outlier screening technique to bolster
the data’s reliability. This involved the initial identification of
outliers, followed by their subsequent removal to mitigate their
effects on data analysis and modelling (Soule et al., 2005).

The fundamental concept of the outlier screening method is to
pinpoint and eliminate data points that deviate significantly from

TABLE 1 Significance and source of the six independent variable representations.

Symbol Driver Calculation method Data source

C Carbon dioxide emissions Annual CO2 emissions (million tonnes) in Qinghai
Province

China Carbon Accounting Databases (CEADs) (Guan et al., 2021)

P Population Resident population at year-end Statistical Yearbook of Qinghai Province

A Economic development level GDP per capita (RMB yuan) China’s National Bureau of Statistics and Statistical Yearbook of
Qinghai Province

E Level of primary electricity
production

Primary electricity production/total primary energy
production

Qinghai Provincial Bureau of Statistics

R Primary sector Primary sector output Statistical Yearbook of Qinghai Province

V Level of agricultural technology Fertiliser use Statistical Yearbook of Qinghai Province

FIGURE 1
The rows and districts and geographic location of Qinghai Province.
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the norm within a dataset, thereby minimising their influence on
subsequent analysis and modelling. This approach is predicated on
establishing a set of thresholds corresponding to each variable’s
intrinsic meaning and context. Data points that fall outside these
predefined thresholds are classified as outliers and are earmarked for
additional processing. For instance, in the case of Qinghai Province’s
fertiliser usage data for the year 2000, a null value was encountered,
leading to its exclusion from the dataset.

3.2 Socioeconomic profile of Qinghai

Table 1 shows the data sources, and Figure 1 shows the
administrative divisions and geographic location of Qinghai
Province, which is mapped by ArcMap 10.8.

In this study, PyCharm 2024.2.1 was used to plot the trend of
total population and urbanisation rate in Qinghai Province from
2010 to 2022, as shown in Figure 2. The total population of Qinghai
Province grew from 5,634,700 in 2010 to 5,950,000 in 2022, with an
average annual growth rate of about 0.44 per cent. Although the
growth rate is relatively flat, it shows an overall trend of steady
growth. It is worth noting that the population growth rate in Qinghai
Province has accelerated in recent years, which may be related to
factors such as the province’s economic development, policy
guidance and population migration. The urbanisation rate in
Qinghai Province rose from 44.72 per cent in 2010 to 61.51 per
cent in 2022, with an average annual growth rate of approximately
1.33 percentage points.

In this study, PyCharm 2024.2.1 was used to map the trend of
disposable income of all residents in various parts of Qinghai

FIGURE 2
Trends in resident population and urbanisation rate in qinghai province, 2010-2022.
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Province from 2010 to 2022, as shown in Figure 3. Disposable
income per capita in all regions of Qinghai Province has grown
significantly. Although the growth rate fluctuates between years and
regions, the overall trend of positive growth has been maintained. In
the initial period (e.g., 2010–2015), the growth rate may be relatively
fast, reflecting a phase of rapid economic development. Over time,
the growth rate may gradually stabilise or slow down slightly, which
may be related to a number of factors such as economic

restructuring, policy changes and the external environment.
There are differences in growth rates between different regions.
Generally speaking, regions with relatively developed economies and
optimised industrial structures (such as Xining City, with an annual
growth rate of 12.3 per cent) are likely to grow faster. In contrast,
regions with relatively backward economies and a single industrial
structure (such as some of the Tibetan Autonomous Prefectures,
with an annual growth rate of 10.4 per cent) are likely to grow at a
slower rate.

Utilising Tableau 2023, longitudinal trend plots were created for
six key variables. These plots aimed to provide a holistic overview of
the variables’ progression and to discern which variables might hold
greater significance than others over time.

For the construction of these trend graphs, data from 2001 to
2021 was initially gathered and processed. Subsequent steps
included data aggregation, filtering, and grouping to showcase
the interrelationships and trends among the variables more
effectively. In the graph design phase, considerations were
given to elements such as colour schemes, labelling, and line
styles to ensure a clear and precise representation of the
variables’ changes.

FIGURE 3
Trends in disposable income of all residents in Qinghai Province by region, 2010-2022.

TABLE 2 The results of the ADF (Augmented Dickey-Fuller) test for the
model variables.

Variable ADF statistic Significance Stability

ln P −5.483 0.000*** stable

ln A −2.831 0.054 unstable

ln R −4.135 0.001*** stable

ln V −1.997 0.288 unstable

ln E −1.205 0.672 unstable

*** represent 1% significance levels, respectively.
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The trend charts display the trajectories of the six variables from
2001 to 2021, enabling viewers to observe their development and
recognise significant patterns.

3.3 Analysing the carbon-emission drivers

To ascertain the reliability of the input data, the study employs
the ADF (Augmented Dickey-Fuller) test to assess the stability of the
independent variables. This test extends the autoregressive
component of the series using a regression model and evaluates
the regression’s underlying assumptions. The ADF test ascertains
the presence of a unit root in the series by examining if the
autoregressive coefficients significantly deviate from one. A unit
root’s presence signifies a non-stationary series, whereas its absence
indicates stationarity (Liang et al., 2021).

According to Table 2, when the significance is less than 0.05, it
can be judged as a smooth series by the ADF test, and from this
principle, we find that the three independent variables entered the
model are non-smooth series.

The non-stationary series will cause pseudo-regression. To
avoid this problem, three non-stationary series will be used for
the cointegration test. Engel-Granger (E.G.,) cointegration test
method is only applicable to judge the cointegration between
two independent variables. Johansen cointegration test applies
to three or more independent variables, and the method is
more explanatory of the independent variables (Grabowski and
Welfe, 2016). In this study, we used the Johansen cointegration
test. The Johansen cointegration test’s interpretation dictates that
the null hypothesis is to be rejected if the trace statistic surpasses
the 5% critical value. As depicted in Table 3, the hypothesis of no
more than one cointegration relationship among the variables is
rejected, thereby affirming the presence of a cointegration
relationship among them.

The data series entered into the model passed the ADF test with
the Johansen cointegration test, and these methods ensure the
smoothness of the data. In this study, to further ensure the
reliability of the model, we developed a grey correlation analysis
model, which is represented as Equation 1:

ζ i k( ) �
min

i
min

k
X0 k( ) −Xi k( )| | + ρmax

i
max

k
X0 k( ) −Xi k( )| |

X0 k( ) −Xi k( )| | + ρmax
i

max
k

X0 k( ) −Xi k( )| |
(1)

The Grey Relational Analysis (GRA) model is a multivariate
analysis method used to explore the correlation between different
variables. The core idea of the model is to identify the degree of
similarity, association, and influence between variables by

calculating the degree of association between them (Gerus-
Gościewska and Gościewski, 2022).

where the reference series
X0 � X0(k)|k � 1, 2, ..., n{ } � (X0(1), X0(2), ..., X0(n)), X0(k)
denotes the value corresponding to year k; Comparison series
� Xi(k)|k � 1, 2, ..., n{ } � (Xi(1), Xi(2), ..., Xi(n)), i � 1, 2, ..., m,
Xi(k) denotes the corresponding value in year k of the ith
comparison series. ρ ∈ 0,1 is the resolution coefficient. The larger
ρ is, the larger the resolution is; the smaller ρ is, the smaller the
resolution is. We take the resolution coefficient of 0.5 here, and the
carbon emission is taken as the reference series, and other data series
are taken as the Comparison series,k the smallest is 2001, the largest
is 2021. Its analysis results range from −1 to 1, reflecting the strength
and direction of the correlation. Correlation values
approaching −1 signify a robust negative correlation, whereas
those near 1 denote a robust positive correlation. A correlation
close to 0 suggests a negligible correlation (Maidin et al., 2022). This
approach is resilient across diverse data distributions and is not
significantly affected by outliers.

After establishing the grey correlation analysis model, we
summarised the grey correlation coefficient matrix, which is used
to measure the degree of similarity between two sequences. Its main
purpose is to identify the key factors affecting the target variable by
calculating the correlation between sequences of different variables.
This complements our analytical approach and provides additional
data clustering and correlation analysis perspectives. We found that
there are some coefficients higher than 0.9 in the grey correlation
coefficient matrix, which suggests that there is a strong correlation
between these data series, and there may be a problem of
multicollinearity (Mausam et al., 2023).

To mitigate the impact of multicollinearity on the regression
model, the variance inflation factor (VIF) for the six variables was
evaluated. Detecting multicollinearity involves examining if the VIF
surpasses 10, signifying its presence. A VIF exceeding 100 points to
severe multicollinearity, may render the ordinary least squares
(OLS) regression method inapplicable due to the potential for
unstable or inexplicable coefficient estimates. Ridge regression
tackles multicollinearity by incorporating a regularisation term,
thereby enhancing model stability and generalizability. Adjusting
the ridge parameter diminishes the influence of multicollinearity on
the coefficient estimates, yielding more dependable outcomes (Li
et al., 2024).

Research by (Firinguetti et al., 2017) indicated that ridge
regression offers superior explanatory power compared to PLS
regression, particularly with a limited number of independent
variables (Firinguetti et al., 2017). Consequently, ridge regression
was selected as the analytical technique to ensure the precision and
reliability of the model.

3.4 Constructing the expanded
STIRPAT model

Having confirmed the dataset’s suitability for linear regression
analysis, the study applied the STIRPAT model. This model can be
mathematically represented as Equation 2:

I � aPbAcTdε (2)

TABLE 3 The results of the Johansen cointegration test.

Cointegration
assumption

Trace
statistic

5%
threshold

No cointegration relationship exists 70.135 29.796

Up to one relationship exists 17.928 15.494

Up to 2 covariates 4.017 3.841
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FIGURE 4
Trends in annual carbon dioxide emissions and their influencing factors inQinghai Province, 2001-2021. (A)Carbon dioxide emissions. (B) Economic
development level. (C) Primary sector output. (D) Fertiliser use. (E) Resident population. (F) Level of primary electricity.
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Where I stands for environmental impact, P, A, T is generally
expressed in terms of population size, GDP per capita, and energy
consumption per unit of GDP, and a is the model constant term, ε is
the error term b, c, d are the ecological elasticities.

Within the model framework, the variable I denotes the
environmental impact, with P, A, and T representing population
size, GDP per capita, and energy intensity, respectively. The constant
term of the model is denoted by a, while ε signifies the error term.
The coefficients b, c, and d correspond to the ecological elasticities.
Natural logarithms are applied to both sides of the equation and
converted into a form suitable for multiple linear regression analysis,
which is represented as Equation 3:

ln I � ln a + b ln P + c ln A + ⅆ ln T + ln ε (3)
Where I, P, A, T, a, b, c, d, and ε retain their definitions as

outlined in Equation (2).
This extended STIRPAT model (Lohwasser et al., 2020) was

then used to examine the relationship between annual
CO2 emissions and various independent variables (including
population, GDP per capita, primary industry output, fertiliser
use, and primary electricity production as a percentage of total
energy production) in Qinghai Province employing linear
regression, which is represented as Equation 4:

ln C � β0 + β1 ln P + β2 ln A + β3 ln R+β4 ln V + β5 ln E (4)

Where C stands for CO2 emissions, P stands for population
size, A stands for affluence (GDP per capita), R stands for
primary sector output, V stands for fertiliser use, and E stands
for primary electricity production as a percentage of total energy
production.

Ridge trace plots were generated using SPSS 24.0 to ascertain the
minimum value of K, at which point the standardised regression
coefficients of the variables become stable. These plots offer a visual
aid for selecting suitable ridge parameters and enhancing model
performance. Origin was utilised to graph the comparison between
the model’s fitted and actual carbon emissions values, with the
visualisation technique facilitating a more precise assessment of the
model’s accuracy.

Drawing from the 14th Five-Year Plan data for Qinghai
Province, three carbon emission modelling scenarios were
devised: the high economic growth scenario (FLW), the baseline
scenario (FBU), and the green scenario (FHG). The green scenario
incorporates stricter environmental protections, such as reduced
fertiliser usage and controlled primary industry output.

By integrating data from these three carbon emission simulation
scenarios into the ridge regression model, carbon emissions for
Qinghai Province can be forecasted. PyCharm2023 software was
employed to visualise the predicted data, allowing for an intuitive
examination of trends, changes, and patterns within the prediction
outcomes. This visualisation provides a more comprehensive
understanding of the model’s predictive capabilities for carbon
emissions in Qinghai Province.

4 Results

Using the various data visualisation techniques outlined, we
have plotted graphs to help illustrate our findings.

Figure 4 shows the trend of the six variables included in this
model from 2001 to 2021. According to Figure 4, we find that C, A,
R, P, and E show an overall increasing trend, and V shows an overall
decreasing trend between 2001 and 2021.

Table 2 presents the results of the ADF test, which shows that A,
V and E are not smooth series (p > 0.05) while all other variables are
smooth (p < 0.05).

Table 3 displays the outcomes of the Johansen cointegration
test, which validates the existence of a robust, long-term
association among the variables. The test results indicate a
stable linear relationship, reinforcing the linear regression
analysis findings.

Table 4 shows thematrix of grey correlation coefficients between
the six variables in the model.

According to the grey correlation analysis model in Table 4,
we found that the grey correlation coefficients between some of
the variables are higher than 0.9, presenting a strong correlation,
so we tested the variables entered the model for multiple
covariance detection (VIF), and the test results are shown
in Table 5.

In multicollinearity detection, when VIF>10 indicates the
existence of covariance between variables, and when
VIF>100 indicates the existence of severe covariance. According
to Table 5, we found that some of the variables have serious
multicollinearity. To avoid the effect of multicollinearity on the
model’s reliability, we used ridge regression to construct the
prediction model. Ridge regression deals with the problem of
multicollinearity through the introduction of the regularisation
term, and it performs well in terms of both stability and
generalisation ability, and it has good explanatory power of the
variables (Firinguetti et al., 2017).

Table 6 shows the results of the Shapiro-Wilk test for carbon
dioxide emissions in Qinghai Province, and Figure 5 illustrates the
standard Q–Q plot derived from the Shapiro–Wilk test, which
verifies that the dataset utilised in this study conforms to a
normal distribution, with a p-value of 0.122 exceeding the
0.05 threshold. This affirmation permits the execution of linear
regression analysis on the data.

TABLE 4 Grey correlation coefficients for six variables.

Variable lnC lnA ln P lnR ln E ln V

ln C 1 0.758 0.758 0.769 0.078 0.678

ln A 0.758 1 0.998 0.997 0.582 0.261

ln P 0.758 0.998 1 0.958 0.582 0.261

ln R 0.769 0.997 0.958 1 0.574 0.258

ln E 0.078 0.582 0.582 0.574 1 −0.155

ln V 0.678 0.261 0.261 0.258 −0.155 1

TABLE 5 Results of covariance detection between multiple variables.

Variable ln A lnP lnR ln E lnV

VIF >100 >100 >100 10.128 3.28
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Table 7 illustrates the projected contribution of each input
variable to the model’s value-added between 2021 and 2030, with
adjustments made following Qinghai Province’s 14th Five-Year Plan.

Table 8 displays the findings from the ridge regression analysis.
The F-value derived from the ridge regression, as shown in Table 8,
was determined to be highly significant, with a p-value less than 0.01,
signifying the statistical significance of the regression model. The R2

value of 0.952 suggests that the model accounts for the majority of
the influential factors effectively, with the fitted data points closely
aligning with the regression line. This alignment denotes a robust
performance and high reliability of the model. The regression
equation is as follows:

ln C � −25.546 + 0.183 lnA + 3.184 ln P + 0.611 lnV − 0.403 ln E

+ 0.217 ln R

(5)
Projections of CO2 emissions in Qinghai Province based on the

extended STIRPAT model:

C � EXP −25.546 + 0.183 lnA + 3.184 ln P + 0.611 lnV(
−0.403 ln E + 0.217 ln R) (6)

Based on Equations 5, 6, it can be concluded that the
independent variables in the model have a significant effect on
the annual carbon dioxide emissions in Qinghai Province. Among
these factors, the most influential one is the population size, which
increases carbon emissions by 3.184 per cent for every 1 per cent
increase. The weakest factor is the level of economic development,
with carbon emissions rising by 0.183 per cent for every 1 per
cent increase.

Figure 6A depicts the correlation between the regression
coefficients and the K value, with the Y-axis representing the
standardised coefficients of the independent variables and the
X-axis representing the K value. The selection criterion for K is
based on the smallest value at which the standardised regression

TABLE 6 Results of Shapiro-Wilk test.

Variable Test statistic Degrees of freedom Significance

lnC 0.927 21 0.122

FIGURE 5
Standard Q–Q plot of annual CO2 emissions.

TABLE 7 The qinghai province CO2 emission control strategies: SLA, BAU,
and VEH modelling policies.

Scenarios A P R E V

FLW 8% 0.5% 5% 0.5% −1.8%

FBU 6% 0.5% 4% 1% −2%

FHG 4% 0.5% 3.5% 1.5% −2.2%
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coefficients of the independent variables begin to stabilise. Figure 6B
shows the relationship between R2 and K value, while a reference line
is set around 0.172. When the coefficient is before 0.172, it fluctuates
a lot, and when it passes 0.172, the independent variable’s
standardised coefficient gradually stabilises.

Figure 7 Juxtaposes the fitted and actual values of carbon
emissions, where the black curve signifies the actual values, the
red curve represents the fitted values, and the cyan-filled area
denotes the discrepancy between the fitted and actual values.
Analysis of Figure 7 reveals that the fitted curve closely mirrors
the actual curve, with a minimum error rate of 0.09% and an average
error rate below 8.3%. This proximity suggests a high degree of
reliability for the fitted curve.

Figures 8A–C show three scenarios of carbon emissions and GDP
per capita projections for Qinghai Province from 2022 to 2035,
highlighting the temporal fluctuations in emissions and GDP per
capita. The FHG scenario predicts an earlier peak in carbon emissions,
specifically before 2030, whereas the FBU and FLW scenarios do not
project such a turning point within the same timeframe. Figures 8A–C
also show the curvilinear relationship between expected GDPs per
capita and carbon emissions in Qinghai Province over the same
period. It is evident that as per capita wealth increases, environmental
pollution peaks and subsequently declines, a pattern reflected in the
inverted U-shaped curve. This trend aligns with the Environmental
Kuznets Curve (EKC) hypothesis (Chen et al., 2019; Tenaw and
Beyene, 2021; Dogan and Inglesi-Lotz, 2020).

TABLE 8 The results of the ridge regression analysis.

Variable Unstandardised coefficients Standardised coefficient Beta t p

B Std. Error

Constant −25.546 2.513 - −10.164 0.000

lnA 0.183 0.013 0.293 13.561 0.000

ln P 3.184 0.361 0.268 8.824 0.000***

lnV 0.611 0.127 0.246 4.815 0.000

ln E −0.403 0.111 −0.2 −3.639 0.002

ln R 0.217 0.02 0.331 10.912 0.000

R2 = 0.952

Adjust R2 = 0.936

F = 59.173, p = 0.000

FIGURE 6
The ridge traces of the model variables, the relationship between R2, and the ridge regression coefficient K (A) illustrates the link between the
regression estimates of the variables and the ridge regression coefficient K, while (B) details the connection between themodel’s R2 value, indicative of its
goodness-of-fit, and the ridge regression coefficient K.
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5 Discussion

This study examines the factors influencing carbon emissions in
Qinghai Province using panel data from 2001 to 2021. The extended
STIRPAT model revealed that population size is the primary
positive driver of carbon emissions, while GDP per capita has the
weakest influence. Under the three economic growth scenarios
(FLW, FBU, FHG), Qinghai’s carbon emissions are projected to
peak between 41.1 and 46.7 million tons by 2030, with only the FHG
scenario achieving China’s peak carbon emission target within the
specified timeframe.

The goodness-of-fit value (R2 = 0.952) validates the reliability of the
model, and the findings align with prior studies demonstrating that
renewable energy consumption significantly reduces carbon emissions
(Wu et al., 2024). According to this study’s equations, a 1% increase in
primary electricity use leads to a 0.403% reduction in carbon emissions,
while a 1% increase in fertiliser use results in a 0.611% increase in
emissions. Additionally, a 1% increase in population size raises emissions
by 3.184%, confirming population growth as a more significant driver
than economic development. The Environmental Kuznets Curve (EKC)
hypothesis is supported, as the relationship betweenGDPs per capita and
carbon emissions follows an inverted U-shaped trajectory, consistent
with findings from other regions (Bibi and Jamil, 2021).

Under the FHG scenario, stricter environmental policies and
renewable energy development lead to Qinghai Province achieving
its carbon peak by 2030, corroborating earlier research that
highlighted the importance of environmental protection policies
for carbon reduction (Fang et al., 2019). These findings confirm
Hypotheses 2, 3, and 4, while Hypothesis 1 is not supported, as
population size exerts a greater influence than economic growth on
carbon emissions.

5.1 Renewable energy sources

The results indicate that expanding the use of primary
electricity is an effective strategy for reducing carbon

emissions, consistent with a 2020 study that highlighted the
dual benefits of renewable energy in promoting economic
growth and environmental sustainability (Saidi and Omri,
2020). The adoption of renewable energy sources in Qinghai
Province aligns with global trends and plays a critical role in
achieving carbon reduction goals. A phased approach, beginning
with pilot projects in high-potential areas, coupled with financial
incentives, can further accelerate the transition to
renewable energy.

5.2 Fertiliser uses in agriculture

The study demonstrates that optimising fertiliser use
significantly reduces carbon emissions, a finding supported by
previous research using the PSM-DID method (Du et al., 2023).
Rationalising fertiliser application in Qinghai Province can enhance
agricultural sustainability while mitigating environmental impacts.
Training programs, extension services, and financial assistance
could encourage small-scale farmers to adopt efficient fertilisation
techniques.

5.3 Population growth and economic
development

Population growth is identified as the most substantial driver of
carbon emissions in Qinghai Province, with a 1% increase in
population size leading to a 3.184% rise in emissions. This result
aligns with studies from populous Asian nations that underscore the
influence of population expansion on carbon emissions (Rehman
and Rehman, 2022). Sustainable urban planning, including
improved public transportation, energy-efficient buildings, and
green spaces, can mitigate the environmental impacts of
population growth. Economic policies encouraging low-carbon
industries and promoting carbon trading schemes will further
support emission reduction efforts.

FIGURE 7
Comparison of predicted and actual values from ridge regression.
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FIGURE 8
Carbon emissions and GDP per capita in qinghai province under three policy scenarios, 2022-2035. (A) FLW-High. (B) FBU-Mid. (C) FHG-Low.

Frontiers in Environmental Science frontiersin.org13

Li et al. 10.3389/fenvs.2025.1513751

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2025.1513751


5.4 Long-term carbon reduction policies

The findings confirm that stringent environmental policies and
renewable energy expansion are essential for Qinghai Province to
achieve its carbon peak by 2030. This aligns with research from
BRICS nations, which demonstrated the effectiveness of enhanced
tax revenues, renewable energy use, and stricter regulations in
reducing emissions (Li et al., 2023).

Strategic recommendations include:

• Raising public environmental awareness to foster community
participation in carbon reduction initiatives.

• Advancing agricultural technologies to reduce emissions while
maintaining productivity.

• Promoting economic restructuring to support industries with
smaller carbon footprints.

• Enhancing renewable energy development to reduce reliance
on fossil fuels.

• Encouraging low-carbon practices in primary industries.

These strategies provide a roadmap for Qinghai Province to
balance economic growth with environmental sustainability,
aligning with China’s dual-carbon targets.

While the study provides valuable insights, its scope was
confined to panel data analysis without direct collaboration with
environmental specialists or practical validation. The extended
STIRPAT model, while robust, may not capture all factors
influencing carbon emissions, requiring further refinement and
validation in future research.

6 Conclusion

6.1 Research findings and implications

This study investigates the drivers of carbon emissions in
Qinghai Province by analysing economic activities, primary
industry output, year-end resident population, primary
electricity consumption, and agricultural fertiliser use. To
enhance the model’s relevance to local conditions, the
extended STIRPAT model integrates renewable energy
utilization. Statistical methods such as the ADF test and
Johansen cointegration test ensure the robustness and
predictive accuracy of the model.

The findings highlight that population size is the most
significant driver of carbon emissions, while GDP per capita has
the smallest impact. The relationship between economic
development and carbon emissions follows an inverted “U”-
shaped curve, validating the Environmental Kuznets Curve
(EKC) hypothesis and supporting Hypothesis 3. If stricter
environmental protection policies are implemented, Qinghai
Province could achieve peak emissions by 2030, aligning with
Hypothesis 4.

Policy recommendations derived from this study emphasize:

• Promoting renewable energy use: Expanding primary
electricity generation to reduce dependence on fossil fuels,
directly addressing Hypothesis 2.

• Optimizing agricultural technology: Implementing
sustainable fertiliser practices to mitigate emissions from
the agricultural sector.

• Managing population growth impacts: Developing urban
planning strategies that minimize the environmental effects
of population increases.

• Encouraging sustainable industrial practices: Transitioning
primary industries toward low-carbon production methods.

These recommendations align with the FHG scenario, ensuring
that Qinghai’s policies effectively contribute to achieving the dual-
carbon targets. Policymakers must prioritize long-term strategies
that balance economic development with environmental
sustainability, providing a model for other less-developed regions.

6.2 Research limitations and prospects

While this study offers valuable insights into the drivers of
carbon emissions in Qinghai Province, several limitations warrant
consideration. First, the analysis relies on data specific to Qinghai,
which may not fully capture conditions in other regions. This limits
the generalizability of the findings. Additionally, the accuracy and
timeliness of the data could affect the reliability of the results.
Second, although the study proposes actionable policy
recommendations, their implementation may encounter financial
constraints, technical challenges, and stakeholder
coordination issues.

The study’s analytical framework, while robust, may not
encompass all relevant factors influencing emissions, such as the
detailed mechanisms of economic restructuring or the evolving
impacts of population dynamics.

Future research should address these limitations by:

• Expanding regional applicability: Applying the model to other
provinces or countries to validate its generalizability and refine
its assumptions.

• Incorporating additional variables: Introducing economic
restructuring, market mechanisms, and technological
advancements to improve the model’s predictive power and
applicability.

• Collaborating with environmental experts: Strengthening
interdisciplinary research to enhance the robustness and
practical relevance of the model.

• Adopting advanced testing methods: Utilizing techniques
such as the Granger causality test to explore the causal
relationships between variables and emissions.

• Developing hybrid models: Combining the STIRPAT
framework with system dynamics (STIRPAT-SD) to
improve forecast reliability and provide more
comprehensive insights for achieving carbon neutrality.

By addressing these areas, future studies can refine the analytical
framework and extend its applicability, offering more actionable
strategies for reducing emissions. Such advancements will not only
support Qinghai Province in achieving its dual-carbon targets but
also contribute to broader efforts in mitigating global
climate change.
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