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ARTICLE INFO ABSTRACT
Keywords: China has become the world’s largest emitter of carbon dioxide, putting significant pressure on
CO, emissions the government to reduce emissions. This study analyzes the driving factors of carbon emissions

Random forest
Environmental impact
Emission reduction strategies

in 281 prefecture-level cities in China from 2003 to 2019, based on carbon emission data matched
with the locations of thermal power stations and nighttime light data. Firstly, we compare the
accuracy of multivariate linear regression and random forest models, finding that the random
forest regression yields superior results. Then, we rank the impact of various factors using the
random forest method, revealing that population, economic development, and industrialization
are the top three influencing factors. The interaction between population and economic devel-
opment explains 68.5% of carbon emissions, with regional variations in the ranking of influencing
factors. The main policy implications of this study are as follows: firstly, there is no need to overly
concern about the impact of population growth on carbon emissions, and policies regarding
fertility can be adjusted flexibly; secondly, controlling urbanization to a certain extent is
conducive to achieving efficient low-carbon cities; thirdly, during the process of industrialization,
carbon emissions inevitably increase, and it is advisable to accelerate industrialization to reach a
turning point as soon as possible.

1. Introduction

The Paris Agreement outlines the target of “restricting the increase in the worldwide mean temperature to less than two degrees
higher than pre-industrial levels, with endeavors to confine it to 1.5 °C above pre-industrial levels [1]”. As a responsible developing
country, China promptly established the aim of “reaching the apex in carbon releases by 2030 and accomplishing carbon neutrality by
2060.” In 2021, China’s greenhouse gas discharges constituted about one-third of the total global greenhouse gas emissions, and the
transformation from the peak of carbon emissions to carbon neutrality spans just 30 years, which is only half the time frame seen in
Western developed nations [2,3]. China faces considerable pressure to reduce greenhouse gas emissions. Since 2020, the Chinese
administration has introduced a series of “1+N” strategies for curtailing carbon emissions, and local authorities have devised their own
strategies for reducing emissions [4]. A comprehensive grasp of the motivating elements influencing regional greenhouse gas emis-
sions can supply beneficial insights for the government to formulate more precise policies and further the realization of China’s ob-
jectives for reducing greenhouse gas emissions [5].

Prior research on regional carbon emissions has primarily concentrated on factors such as the level of economic development [6],
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population size [7], energy intensity [8], industrial composition [9-11], degree of urbanization [12,13], foreign investment [14,15],
environmental regulations [16,17], and others. However, these studies have not reached a consensus regarding the influence of these
factors. Some studies assert that economic scale is the most crucial factor. They contend that economic scale currently plays the most
significant role in driving CO, emissions and that this driving impact diminishes with economic development [18]. On the contrary,
some research posits that population size is the most vital factor with a negative influence [19]. These studies argue that the growth in
energy efficiency stemming from population concentration far surpasses the increase in carbon emissions resulting from population
expansion [20]. Conversely, other pieces of literature have reached opposing conclusions [21]. Some researchers contend that the level
of urbanization surpasses population size and per capita GDP in importance [22]. They propose that variations in energy types and
consumption patterns between urban and rural residents lead to an upsurge in carbon emissions during the urbanization process [2.3,
24]. The lack of consensus in existing research findings concerning the most significant factors behind regional carbon emissions can
obscure the primary drivers, making it challenging for the government to devise targeted carbon reduction policies. This lack of clarity
hinders the realization of carbon neutrality goals.

We believe there may be two reasons for the inconsistent conclusions of existing studies:

The first is the objectivity of carbon emission data. Objective carbon emission data is the basis for studying factors affecting carbon
emissions. Currently, the primary carbon emission data are mainly calculated according to the methodology of IPCC [25]. Although
the MRV system can guarantee the reliability of carbon emission data to a certain extent, it is based on the subjective report of energy
consumption by enterprises in essence [26]. To reduce carbon reduction expenditure, enterprises may falsify energy consumption and
even collude with third-party verification institutions to issue false carbon emission reports to reduce carbon reduction expenditure. In
March 2022, there was an incident of falsification of carbon emission report data by third-party verification institutions in China [27].
On the other hand, local governments may also relax the verification of data reported by enterprises due to the pressure of economic
development or the lack of verification ability. Similar situations often occur in reporting environmental monitoring data [28]. From
the technical point of view, the deviation of carbon emission data calculated is within 5%, which is unavoidable [29]. In addition, in
the actual statistics, the measurement method is based on the measured primary data of emission sources. In contrast, the emission
factor method uses the coefficient of different fuels for estimation. It is not easy to obtain consistent data from the data obtained by the
two methods. Currently, some research uses space-based nighttime light data to estimate the spatial extent of fossil fuel CO4 emissions;
these studies are often based on nighttime light data directly to estimate [30,31]. Although this kind of method ruled out carbon
emissions data as the possibility of subjective tampered with, continuous optimization algorithm on the data fit achieved good effect.
However, the night light data is highly relevant to economic activities [32]. It is impossible to exclude the correlation between
influencing factors and light when only relying on the data of carbon emission fitting obtained by night light, and the conclusion is
unconvincing. Therefore, it is necessary to seek more objective carbon emission data.

The second is related to methods of identifying key influencing factors of carbon emissions. Currently, many related studies use
methods based on econometric regression or factor decomposition analysis [33]. The method of econometric regression assumes that
the influencing factors are independent of each other, which is effective in analyzing a single element but challenging to solve the
problem of multicollinearity in the face of many factors. However, the method of factor decomposition needs to comply with the preset
theoretical framework, and decomposed factors must follow the specific theoretical logic, which may lead to a lack of inclusiveness in
reality [34]. For example, in the Kaya identity used by LMDI, energy consumption and economic aggregate do not correspond in
practice, and the economic implications of driving factors after model expansion are unclear [35]. The differences and shortcomings of
these methods may also lead to inconsistent research conclusions, making the analysis results poor policy reference. Hence, ranking the
significance of influencing factors proves challenging with the existing two methods, emphasizing the need for a more inclusive
approach.

To address the shortcomings of existing research in terms of data objectivity and identification methods, this study utilizes the
Open-source Data Inventory for Anthropogenic CO, (ODIAC) database [36,37]. This database integrates spatial nighttime light data
with individual power plant emission/location profiles to estimate the global spatial distribution of fossil fuel CO, emissions. It is well
known that nighttime lights are highly correlated with human economic activity. However, most existing studies overly rely on the
relationship between nighttime lights and carbon emissions, resulting in data that lack convincing power. To overcome these limi-
tations, the database used in this study not only relies on nighttime lights but also considers the distribution of thermal power plants.
Thermal power plants are typically located in suburban areas due to factors such as land constraints and pollution, which are often
distant from the actual economic centers. Therefore, including thermal power plants in the analysis can partially overcome the
drawbacks of existing studies’ over-reliance on the relationship between nighttime lights and carbon emissions. Methodologically, this
study employs the random forest algorithm in machine learning. Machine learning algorithms have advantages such as not requiring
prior assumptions and being able to handle massive amounts of data more finely. They can break away from the many assumptions of
traditional statistical methods used in data processing and analysis. In particular, random forests, among many machine learning
algorithms, introduce randomness, making overfitting less likely, are adept at handling high-dimensional data, and can rank the
importance of various influencing factors. Compared to many existing methods, they provide a more inclusive perspective on the
magnitude of influencing factors.

This study, for the first time, utilizes more convincing nighttime light-retrieved carbon emission data. Within the scope of
obtainable data, it investigates the influencing factors of carbon emissions using the random forest algorithm in 281 prefecture-level
cities in China. The main contributions of this research are as follows: firstly, it identifies the inadequacies in data objectivity in existing
studies, most of which use data obtained from potentially subjective “bottom-up” or insufficiently convincing “top-down” approaches,
providing a more objective basis for future research. Secondly, the study employs the random forest method, which effectively ad-
dresses the limitations of traditional statistical methods when faced with high-dimensional data, providing a new approach for future
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research. Finally, the study analyzes the causal factors of carbon emissions, ranks their impact, and discusses their regional differences,
potentially providing a basis for local governments to formulate targeted carbon reduction policies.

2. Methods
2.1. Random forest algorithm

The principal objective of this research is to investigate the determinants of greenhouse gas emissions at the provincial level and
evaluate the magnitude of each determinant. Concerning the data utilized, the dataset exhibits relatively high dimensions and has
some minor gaps due to data availability. Regarding the response curve, the factors influencing greenhouse gas emissions are influ-
enced by numerous variables. The relationship is intricate, and their interconnection is often not a straightforward linear one. In terms
of functions to be implemented, this paper needs to rank the impact of each factor. Random forest may be a good choice, effectively
meeting the above three requirements. Firstly, the traditional standard linear models require the data to meet certain assumptions or
conditions, such as the linear relationship between independent and independent variables [38]. The random forest based on machine
learning does not require a priori assumptions and builds the model based on the characteristics of the data. It can deal with massive
and high-dimensional data more finely and improve prediction accuracy without significantly increasing the computational burden.
Moreover, it is insensitive to multivariate collinearity, and the calculation results on the data with missing or unbalanced data can pass
the robustness test well [39].

Secondly, the partial dependency plot produced by the random forest illustrates the marginal impact of a predictor variable in the
machine learning model on the forecast outcomes of the previously established model, providing a method for interpreting the results
of machine learning. The partial dependency function is obtained by fixing a variable and calculating the average value of all com-
binations of prediction functions of other variables [40]. We can understand the complex corresponding relationship between a single
variable and the explanatory variable through the partial dependency plot.

Finally, rank the importance of independent variables under the two measurement methods of the random forest model. IncMSE
refers to the increase of the error of random forest model estimation after the random value of the variable compared with the original
error. While IncNodePurity refers to the importance degree of the variable to each decision tree node [41]. The larger the value, the
more influential the variable is. The random forest model can screen the features of multiple variables through these two indicators and
then give the importance ranking of variables, which effectively meets the requirements of this study.

The principle of random forest used in this paper is as follows:

In terms of the method itself, RandomForest (RF) is a machine learning algorithm based on a classification regression tree, built on
multiple decision trees, a typical ensemble learning model. Its principle is often the bootstrap and back on the sampling in the original
samples for multiple random samples to form new training samples, through these self-help samples to construct the corresponding
decision tree. Furthermore, the combination of all the decision tree building is a “forest.” The accuracy of the calculation model and
through many times to the average accuracy of the assessment model. The average value of multiple trees is the final result by voting.
The undrawn data will form an Out of Bagging (OOB) dataset, which will be used as test samples to evaluate the accuracy of the
random forest model and the importance of each feature value. The implementation process of random forest in this paper is shown in
Supplementary Material S1.

The random forest model is versatile, capable of handling both classification and regression tasks, depending on the nature of the
data [42]. A forest primarily composed of classification trees is known as a random forest classifier, whereas a forest predominantly
composed of regression trees is referred to as a random forest regressor. When addressing classification problems, the classification
error rate is assessed, while for regression problems, the variance of the residuals is examined [43]. In this study, we utilize a random
forest regression model to investigate the key determinants of greenhouse gas emissions. Utilizing a dataset comprised of 4125
matched samples, we construct a random forest model (depicted in S1), with the determinants as independent variables and green-
house gas emissions as the dependent variables. The dataset is subsequently divided into a training set and a test set in a 3:1 ratio. The
training set is used to train the random forest model, and the model’s accuracy on the test set is employed to assess the impact of
determinants on greenhouse gas emissions.

Table 1
Description of variables used in the analysis for the period 2003-2019.
Variables Symbol Definition measuring method Unit of measurement
CO, emission 1 CO, emissions 10° Ton
Population size POP Registered population Thousand people
Energy intensity EI Energy consumption to divided by GDP Tons of standard coal per 10° Yuan
Economic level AF GDP per capita Yuan
Industry proportion ID The percentage of the second industry in the total GDP %
Urbanization level UR The percentage of the urban population in the total population %
Environmental regulations ER Provincial environmental regulations Item
Foreign investment FDI Amount of foreign direct investment 10° Yuan
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2.2. Explanation of variables and data sources

Carbon emissions are influenced by a multitude of factors, as detailed in the reference literature. This study observes that, based on
a comprehensive review of existing research, seven primary directions emerge when selecting these factors. Our selection includes
population size, energy intensity, economic development level, industrialization level, urbanization, and foreign investment. These
seven factors are frequently the focal points in existing studies.

Table 1 provides details about the variables employed in this study, in addition to their respective explanations. The data related to
the size of the population, the level of economic development, the industrial composition, the level of urbanization, and foreign direct
investment is sourced from the China City Statistical Yearbook. Information concerning energy intensity is derived from the China
Energy Statistical Yearbook within the framework of this research. It is worth noting that data on carbon emissions for Chinese cities
are not directly measured and are not included in the statistical yearbook.

A majority of the greenhouse gas emission data for provincial-level cities utilized in previous research is approximated via remote
sensing techniques relying on nighttime illumination data and refined through iterative algorithm enhancements. This method, which
places significant reliance on the correlation between nighttime illumination and economic activity, often yields inconclusive results.
In our study, the data regarding the emission of greenhouse gases is derived from the ODIAC database [37], which is a high-resolution
global gridded dataset of monthly emissions of carbon dioxide resulting from the burning of fossil fuels. This dataset provides a spatial
resolution of 1000 m and is the first to incorporate spatially-based nighttime illumination data along with individual power plant
emission profiles and location specifics to approximate the global spatial distribution of CO5 emissions originating from sources of
fossil fuels. This approach somewhat mitigates the over-dependence on nighttime illumination fitting. When compared to similar
databases like EDGAR, ODIAC data is more current, with the latest data available up to 2019. It also boasts higher resolution and is
more user-friendly for data processing. The precision of greenhouse gas emission data specifically extracted from subnational areas (e.
g., provincial, municipal, or county-level) heavily relies on the accuracy of illumination data and power plant distribution data. Despite
this limitation, this dataset remains one of the primary sources of greenhouse gas emission information for secondary administrative
regions and plays a crucial role as a reference dataset for calculating greenhouse gas emissions in such areas. Due to changes in
administrative divisions, the number of prefecture-level cities in China varies annually. The sample period of this study spans from
2003 to 2019. After matching carbon emission data with statistical yearbook data, a total of 281 prefecture-level cities with relatively
complete data were obtained.

3. Results
3.1. Applicability evaluation of random forest

To compare the goodness of fit between random forest and linear regression, we initially conducted a linear regression analysis on
carbon emissions and the seven influencing factors, presenting the findings in Table 2. A noteworthy observation from Table 2 is the
varying correlation coefficients between China’s carbon emissions and each influencing factor. Significantly, six out of the seven
factors selected in this paper exhibit substantial correlation. Computation of the standardized correlation coefficient reveals a positive
and strong correlation between carbon emissions and population, economic development level, secondary industry proportion, ur-
banization level, environmental regulation, and foreign investment. Notably, there is no statistically significant correlation between
carbon emissions and energy intensity. Following the correlation analysis, we selected the factors that passed the significance test as
independent variables for multiple linear regression, and the equation is as follows:

I = 0.477POP + 0.424AF + 0.069ID + 0.041UR + 0.034ER + 0.209FDI

(n=4215R*=0.63,P < 0.01) @

In the equation, due to the standardized regression coefficient, there is no constant term; I represent carbon dioxide emissions, POP,
AF, ID, UR, ER, and FDI are population size, economic development level, industrialization level, urbanization level, environmental
regulation, and foreign investment, respectively. Equation (1) shows that population size, economic development level, urbanization
level, environmental regulation, and foreign investment are positively correlated with carbon emissions. Among them, the stan-
dardized regression coefficient of population size is the largest, indicating that it has the most significant impact on carbon emissions,
followed by the level of economic development and foreign investment.

Table 2
Correlation coefficient and standard regression coefficient between CO, emissions and each influencing factor.
Variables Symbol Correlation coefficient standard regression coefficient
Population size POP 0.004 0.479%*
Energy intensity EI 0.011 0.010
Economic level AF 0.000 0.425%*
Industry proportion D 11.452 0.067%*
Urbanization level UR 5.801 0.041*
Environmental regulations ER 0.011 0.035%*
Foreign investment FDI 0.004 0.209%*

Notes: ** indicates statistical significance at the 1% level.
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All the influencing factors were utilized as independent variables to perform random forest regression on carbon emissions. We
computed the coefficient of determination (R?) and Root Mean Squared Error (RMSE) between the fitted values obtained by the two
regression methods and the measured carbon emissions. As illustrated in Fig. 1 (a, b), the R? for multiple linear regression is 0.63,
which is notably lower than the R? of random forest (R2 = 0.86). Additionally, the RMSE for multiple linear regression exceeds that of
the random forest method, indicating that the random forest’s predicted values exhibit smaller deviation errors compared to multiple
linear regression. Furthermore, the predicted values of the multiple linear regression include negative values, which contradict the
actual significance of carbon emissions. In contrast, there are no negative values in the fitted values produced by the random forest.
Consequently, the random forest method boasts a higher R? than multiple linear regression, offering greater practical significance and
improved predictive accuracy. The random forest approach is well-suited for analyzing the influencing factors of carbon
emissions.

3.2. Response of influencing factors

In this study, we utilize feature importance ranking and partial dependence diagrams to enhance the interpretability of the random
forest model. As shown in Fig. 2, we present the importance ranking of variables obtained through the IncMSE and IncNodePurity
methods. The results from both importance ranking methods exhibit similarities: Population, Economic level, Industry proportion, and
Foreign investment are identified as more influential than Urbanization level, Energy intensity, and Environmental regulations. In the
IncMSE method, Population emerges as the most critical factor, whereas the IncNodePurity method places Foreign investment at the
forefront, with Environmental regulations being the least influential. The factors with the highest importance order identified by the
IncMSE method tend to align with the multiple linear regression standardized coefficients, although some variations exist.

The partial dependence plots provide insights into the relationship between CO, emissions and influencing factors. On the whole,
Population, Economic level, Industry proportion, Foreign investment, Urbanization level, and Environmental regulations exhibit a
positive correlation with CO5 emissions. Meanwhile, the impact of Energy intensity on CO5 emissions demonstrates significant vari-
ability across different stages.

The population is recognized as the most significant factor. The partial dependence plot (Fig. 3f) illustrates that when the popu-
lation experiences growth, greenhouse gas emissions also exhibit an upward trend. The impact of population is most notable when it
exceeds a population of ten million, after which it stabilizes. This suggests that during the development of a city, an initial surge in
population leads to a substantial rise in greenhouse gas emissions. However, as the city matures and the industrial structure improves,
subsequent population growth has a diminished effect on greenhouse gas emissions.

Concerning the level of economic development (Fig. 3a), there are four distinct phases in the correlation between carbon emissions
and per capita GDP. In the early phases of income growth, there is a significant upsurge in carbon emissions. When per capita GDP
surpasses a specific threshold, the pace of carbon emissions growth decelerates. However, when per capita GDP surpasses another
threshold, carbon emissions rise rapidly again before stabilizing after a particular GDP level.

The industrialization level (Fig. 3e) exhibits a complex pattern with phases of decline, increase, and stabilization. When the
industrialization level is below 0.4, carbon emissions generally decrease. Between an industrialization level of 0.4 and 0.7, carbon
emissions increase rapidly with industrialization improvement. Once the industrialization level exceeds 0.7, carbon emissions decline
gradually. The early stages of industrialization are marked by improved production modes and increased efficiency, resulting in
reduced emissions from the primary production mode. As industrialization advances, the expansion of industrial scale leads to a sharp
increase in carbon emissions. Upon reaching full industrialization, incremental carbon emissions from industrial scale expansion
decrease, while the reduction of carbon emissions from improved production efficiency takes precedence, causing a gradual decline in
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carbon emissions.

Regarding foreign investment (Fig. 3d), carbon emissions increase rapidly with the increase in investment. The growth rate starts to
slow when the foreign investment reaches 3 billion. When foreign investment reaches 6 billion, the impact on carbon emissions reaches
the maximum and remains stable. This phenomenon suggests that early at the beginning of the foreign investment, they tend to invest
in companies with high emissions. With the increasing investment and thorough, the smaller carbon footprint of smaller companies,
increasing the proportion of high emissions of enterprise transformation to a low-carbon, by the end of the investment, enterprise of
low carbon enterprise with foreign investment proportion rising, eventually making increased carbon emissions are no longer.

The connection between the level of urbanization (Fig. 3g) and greenhouse gas emissions reveals an increasing-stable-increasing
pattern. When the urbanization level is below 0.7, there is an upward trend in greenhouse gas emissions with the improvement in the
level of urbanization. When the urbanization level falls within the range of 0.7-0.85, greenhouse gas emissions remain relatively
steady. As the urbanization level exceeds 0.85, greenhouse gas emissions gradually increase. This result implies that in the initial stages
of urban development, a considerable fraction of the rural populace relocates to urban regions. The labor force engaged in production
and daily living increases rapidly, leading to a swift rise in greenhouse gas emissions. With the ongoing growth of urbanization,
production efficiency begins to gradually improve, and the reduction in greenhouse gas emissions due to increased efficiency begins to
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take precedence, maintaining greenhouse gas emissions at a specific level of stability and possibly even initiating a decline. As the level
of urbanization continues to rise, the marginal impact of reduced greenhouse gas emissions resulting from efficient production di-
minishes, the size of the city continues to expand, and greenhouse gas emissions stemming from production and daily living start to
increase rapidly.

From the perspective of environmental regulations (Fig. 3c), when the number of environmental regulations is less than 50, the
carbon emissions show a downward trend; when the environmental regulations are between 50 and 300, the carbon emissions
continue to rise with the increase of environmental regulations; when the environmental regulations are more than 300, the carbon
emissions remain stable and show a slight downward trend. This result suggests that less environmental regulation can effectively
control carbon emissions when there are low emissions. After the sharp increase in carbon emissions, demand for environmental
regulation is increasingly urgent, so the government policies and regulations for carbon reduction. Finally, under the action of a
growing number of environmental regulations, carbon is contained, and the emissions remain stable.

When the energy intensity (Fig. 3b) continuously decreases to a critical point, the carbon emissions begin to decline, and when the
energy intensity decreases to a certain extent, the carbon emissions begin to increase. This result suggests that in the early stage of
development, the energy intensity was relatively high. With the continuous progress of technology, the energy intensity declined
rapidly and occupied a dominant position. Advances in technology led to declining carbon emissions. When energy intensity drops to a
certain level, the marginal effect of technological progress descends. After the increase of GDP dominated, with the rapid rise of GDP,
emissions increased sharply.

3.3. The impact of factor interactions on carbon emissions

Pairwise combinations of determinants were used as input variables in the random forest model to evaluate the impact of in-
teractions among determinants on greenhouse gas emissions (as shown in Fig. 4). The interaction between Population and Economic
Level was identified to be responsible for 68.5% of greenhouse gas emissions, while the interaction between Population and Foreign
Investment accounted for 63.1% of greenhouse gas emissions. These discoveries highlight the substantial joint impact of population
size and economic development on greenhouse gas emissions. In essence, the simultaneous expansion of the population and economic
development makes a substantial contribution to primary greenhouse gas emissions.

3.4. Regional differences in the influencing factors

To investigate regional disparities in the influencing factors of carbon emissions, we employed random forest regression to model
and assess the factors for prefecture-level cities in each economic region of China. We ranked the seven influencing factors based on
their importance (Fig. 5). The regression outcomes indicate the R? values of carbon emissions for each economic region, all of which
surpass 0.85 with minimal deviation errors. This demonstrates the high predictive accuracy of this method and the convincing ranking
of the impact factors.

As shown in the table, with the exception of the western region, population emerges as the most influential factor contributing to
greenhouse gas emissions in each region. In regions like central, eastern, and northeastern China, which have larger populations,
population size exerts a more significant impact on greenhouse gas emissions compared to the level of economic development. In the
western region, characterized by a smaller population, the boost in economic development assumes a more dominant role in driving
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Fig. 4. Spatial influencing magnitude of interactive factors on CO, emissions.
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Fig. 5. CO, emissions rankings of influencing factors among different regions in China.

the rise in greenhouse gas emissions. Moreover, only in the eastern region does the level of urbanization rank among the top three
determinants. This can be attributed to the regional disparities in China; as the eastern region achieves a certain level of urbanization,
economies of scale begin to manifest, resulting in a substantial impact on greenhouse gas emissions. Foreign direct investment ranks
among the top three influencing factors in all regions. This is attributed to the increased foreign investment across China as part of the
country’s deepening reform and opening up policies. Foreign investments have led to widespread and large-scale production, stim-
ulating economic development while also contributing to higher carbon emissions. Among all the regions in the country, only the
central region ranks environmental regulation within the top three factors. This could be attributed to the central region’s role as a
national key energy production area, where fossil fuels are the primary energy source. As China’s economic development progresses,
energy demands rise, leading to increased emissions from energy production. Environmental regulations have been implemented to
control carbon emissions as a response to the growing energy production in this region.

4. Discussion

China is confronted with substantial pressure to curtail greenhouse gas emissions. To provide a more practical foundation for the
government in formulating carbon reduction policies, we, for the very first time, consider the potential manipulation of data related to
emissions of greenhouse gases and examine the impact of crucial factors on greenhouse gas emissions. A majority of previous research
emphasizes economic development, population size, energy intensity, industrial composition, urbanization level, foreign investment,
environmental regulations, and other determinants. Due to variations in data sources and methodologies, prior research outcomes are
not always congruent. Our study fills the gap in objective data aspects and, from a global perspective, reveals the impact of various
determinants on greenhouse gas emissions.

Our findings reveal that, generally, the hierarchy of the impact of each determinant on greenhouse gas emissions is as follows:
population size > economic development level > industrial composition > foreign investment > level of urbanization > energy in-
tensity > environmental regulations. For instance, Wu [44] investigated the determinants of greenhouse gas emissions in 339
provincial-level cities in China and concluded that, overall, the influence of the level of urbanization was greater than that of industrial
composition. Yu [45] analyzed county-level greenhouse gas emissions and found that industrial composition > economic development
level. We believe that the disparities between this study and other research conclusions may be attributed to the following reasons:
Firstly, this study opted for different CO5 emission data acquired through a “top-down” approach, which combines nighttime illu-
mination and ground thermal location data, ensuring both the objectivity of research data and enhanced reliability of estimates.
Currently, there is no research employing the same data, which may lead to inconsistent results. Secondly, even though both this study
and existing research explore the determinants of greenhouse gas emissions in China as a whole, they operate at different scales, with
studies encompassing provincial, provincial-level, municipal, and county-level data. Different research scales may lead to varying
conclusions. Lastly, most existing studies still rely on traditional measurement methods. While a limited number of studies use the
same random forest model, discrepancies in conclusions still arise due to data and other factors.

It is worth noting that the data of 281 prefecture-level cities in China are involved in this paper. Although regional differences are
analyzed, the conclusions drawn are still relatively overall, and the actual situation of a prefecture-level city may not be applicable, so
more detailed analysis is needed. Although this paper selected some factors that are popular in current research, with the change in
China’s economic situation and the gradual promotion of carbon reduction policies, such as the vigorous national promotion of energy-
saving technology and new energy, other factors like the number of green patents and the use of clean energy are more and more
worthy of further exploration. In addition, although this paper uses the latest data we can access, it is still already three years or a more
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prolonged time ago. China’s economic growth has been diverting in the past three years, and the complex international situation has
changed. The timeliness of the conclusion, if can with the updated data for study in recent years, will be more practical significance.

5. Conclusions

Our analysis has unveiled the hierarchical impact of determinants on greenhouse gas emissions in China, highlighting the sig-
nificance of population size, economic development level, and industrial composition. These key drivers exhibit complex, non-linear
relationships, emphasizing the multifaceted nature of emission dynamics in the region.

In light of these findings, policy recommendations are paramount. Shifting policy emphasis from population growth concerns to
flexible birth policies and implementing controlled urbanization strategies tailored to specific levels can foster the development of
efficient, low-carbon cities. Furthermore, expediting industrialization to reach the inflection point for stable carbon emissions
reduction and adopting a comprehensive approach to foreign investment can mitigate emission surges. Timely adaptation of carbon
reduction strategies is essential, with a focus on addressing regional variations in determinant impacts through tailored policies.

Looking ahead, future research should explore a broader set of determinants, including emerging factors influencing greenhouse
gas emissions. Deepening the application of nonlinear regression models and machine learning methods will provide a more nuanced
understanding of determinant responses. Additionally, utilizing credible and recent data sources will enhance the timeliness and
reliability of research outcomes, facilitating informed policy interventions and sustainable development strategies.
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