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1. Introduction

Amidst the severe challenges of global climate warming and environmental degradation, carbon emissions, as the primary
driver exacerbating the greenhouse effect, have garnered international attention [1]. As the world's largest developing
nation and a significant carbon emitter, China's carbon emission trends not only deeply impact the domestic ecological
environment and sustainable development but also play a pivotal role in the global climate governance structure [2]. Alt-
hough the academic community has made certain progress in the field of factors influencing carbon emissions, there re-
mains considerable scope for further research. On the one hand, studies focusing on carbon emissions at the city level are
relatively scarce [3], leading to a limited understanding of urban carbon emission characteristics and impact mechanisms.
This, in turn, diminishes the precision and efficacy of urban-level emission reduction policies. On the other hand, the
majority of studies employ linear models to analyze the factors affecting carbon emissions, which complicates the accurate
depiction of the complex nonlinear relationship between economic and social activities and carbon emissions [4].
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Furthermore, existing research often overlooks the dynamic shifts in the roles of various factors across different stages of
development, especially in varying population sizes. Additionally, they do not fully account for the urban heterogeneity
resulting from China's regional economic disparities [5], which imposes evident constraints on the guidance of urban
emission reduction practices.

Since its introduction in 1989, the Kaya identity [6] has been widely applied in studies on the decomposition of carbon
emission influencing factors. However, due to the complex nonlinear relationship between socioeconomic systems and
carbon emissions, the original model struggles to comprehensively capture this dynamic interaction. To address this limi-
tation, scholars have dynamically extended the Kaya identity by incorporating new influencing factors into the analytical
framework and integrating it with the LMDI model, thereby significantly enhancing the model's applicability to real-world
scenarios. Specifically, Yang et al. (2020) employed the extended Kaya identity and LMDI method to decompose the
influencing factors of China's carbon emissions from 1996 to 2016, finding that economic activity had the strongest pro-
moting effect on carbon emissions, while energy intensity exhibited the most significant inhibitory effect [7]. Chen and Li
(2021) applied the same methodological framework to analyze the incremental carbon emissions in Sichuan Province,
identifying key influencing factors such as energy structure effect, energy intensity effect, industrial structure effect, eco-
nomic development level effect, and population scale effect [8]. Qi and Li (2024) further extended this approach to the
study of carbon emissions in the logistics industry, decomposing factors such as carbon emission intensity, low-carbon
technology, industry income level, and workforce size, revealing the inhibitory effect of low-carbon technology on carbon
emission efficiency [9]. These studies collectively demonstrate that the combination of the extended Kaya identity and the
LMDI model provides an effective tool for refined analysis of carbon emission influencing mechanisms across multiple
domains.

To systematically analyze the driving mechanisms of carbon emissions, nonlinear analytical methods such as the
STIRPAT model, panel threshold regression model, and threshold-STIRPAT model have been widely applied [10, 11].
The threshold-STIRPAT model, which integrates the STIRPAT model with the threshold regression model, effectively
reveals the nonlinear relationships between carbon emissions and their influencing factors. A limited number of studies
have employed this model to identify key variables affecting carbon emissions across different research scales [12, 13].
Furthermore, considering the spatiotemporal heterogeneity in the mechanisms influencing carbon emissions [5], scholars
have utilized panel threshold regression models to delineate the differential impacts of factors such as trade dependence,
urbanization rate, and population aging across various regions by dividing regional economic zones [14, 15].

Analysis of Factors Influencing Carbon Emissions in Chinese Cities
Based on LMDI and Threshold STIRPAT Model
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In summary, this study utilizes an extended Kaya identity and LMDI model to analyze five key factors influencing
carbon emissions (population, affluence, industrial structure, energy intensity, and energy structure) across 284 Chinese
cities (2004-2020). Utilizing threshold-STIRPAT modeling with stationarity and robustness tests, it examines emission
heterogeneity by population size and economic region. This research holds significant theoretical and practical implica-
tions for accurately understanding the evolution patterns of carbon emissions and for formulating scientific and effective
urban emission reduction policies. The analytical framework is presented in Figure 1.

The subsequent sections of this paper are organized as follows: Section 2 delineates the research methodology and data
sources. Section 3 presents the empirical results and analyses. Section 4 concludes the study and proposes policy recom-
mendations.

This study provides several potential contributions: (1) based on the panel data of 284 prefectural-level cities in China,
we decompose the indicators of influencing factors of carbon emissions using the improved Kaya identity and calculate
the contribution values of the influencing factors through the LMDI model, which scientifically quantifies the cumulative
contribution effects of the influencing factors; (2) the advantages of combining the STIRPAT model with the threshold
regression model are introduced into the study of carbon emissions, and the single threshold-STIRPAT model for popula-
tion size and the double threshold-STIRPAT model for energy consumption intensity are constructed to explore the po-
tential nonlinear relationship between various influencing factors and carbon emissions; (3) heterogeneity analyses were
also conducted for the population size and the three major economic regions to provide a more practical theoretical basis
for the implementation of targeted measures in each region.

2. Research Methods and Data
2.1 Improved Kaya identity

In 1989, at the IPCC seminar, the Japanese scholar Kaya proposed the Kaya identity, which was utilized to analyze the
influencing factors. Due to the complexity and variety of influencing factors of carbon emissions, the original Kaya identity
contains only four influencing factors, which are not in line with the reality of complex environmental phenomena. There-
fore, many scholars [16-18] have improved and reused it. Considering that the process of carbon dioxide production from
fossil energy combustion mostly occurs during industrial production, some scholars believe that the ratio of industrial
added value to regional gross domestic product is also an important factor affecting carbon emissions [19]. Thus, this study
introduces the variable industrial value added (IVA) [20] in Kaya identity and extends it as (1):

c—px PP VA E C (1)
P GDP VA E

Where C represents carbon dioxide emissions; P represents population size, that is, the total population at the end of the
year; GDP represents gross regional product; IVA represents industrial added value; E represents energy consumption;
GDP/P represents per capita affluence, that is, GDP per capita, recorded as ED; IVA/GDP represents industrial structure,
that is, the ratio of industrial added value to regional gross regional product, recorded as IS; E/IVA represents energy
consumption intensity, that is, the ratio of energy consumption to industrial added value, recorded as EI; C/E represents
energy structure, that is, carbon dioxide emissions generated per unit of energy consumption, recorded as ES. Therefore,

formula (1) can also be expressed as (2):

C=PxEDxISxEIxES 2)
2.2 LMDI model

The LMDI model effectively analyzes the factors contributing to changes in energy consumption. This model enables the
systematic decomposition of the contribution of each factor to energy consumption variations and is widely applied in the
fields of energy [21], environment [22], and related domains. In this study, based on the above improved Kaya identity (2),
using the LMDI model, the difference between the total carbon emissions in year t and the base year can be obtained as
(3)-(5):

AC, =C,-C, 3)

=P xED, xIS, x El x ES, — P, x ED, x IS, x El, x ES, 4)

DOI: 10.26855/0ajrces.2025.06.003 21 OAJRC Environmental Science



Qingjuan Xu, Kehong Li, Chunran Jiang, Ting Su

= AR, +AED, +AIS, +AEI, +AES, %)

In the formula (3)-(5): ACy; represents the cumulative contribution of various influencing factors to changes in carbon
emissions from the base year to the t-th year; C; represents the total carbon emissions in year t; Co represents the total
carbon emissions in the base year; APy, AEDy, AlSy, AEly, and AES,; are the cumulative contributions of population
size, per capita wealth, industrial structure, energy consumption intensity, and energy structure to carbon emissions from
the base year to the t-th year, respectively.

To reflect the annual contribution value of each factor to carbon emissions more accurately, thereby facilitating a more
comprehensive and detailed understanding of the impact of each factor on carbon emissions, this study calculated the
annual contribution value using the following formula (6)-(10):

AP, = iln L (6)
© InC,-InC, P,
AED, = —Cr =G g [ EDy (7)
G, -InC, ED, |
AL, =—Cr=Cr g [ 15 (8)
e, -nG,, \ IS,
gl =S =G [ Bl ©)
= e, -inc, , \ EIL
AES, = —Sr =S| 5 (10)
© InC,-InC, ES, |

where ACr_; 1 denotes the difference between the total carbon emissions in year T — 1 to year T, and also denotes
the value of the contribution of each influencing factor to the change in carbon emissions between year T — 1 to year
T; Ct denotes the total carbon emissions in year T;Cp_; denotes the total carbon emissions in year T —1 ;
APr_y 1, AED_q 1, AISt_q 1, AElT_1 1, and AESt_; 1 are the contributions of population size, per capita wealth, industrial
structure, energy consumption intensity, and energy structure to carbon emissions from year T — 1 to year T, respectively.

2.3 Threshold-STIRPAT models

In 1971, American scholars Ehrlich and Holdren [23] initially proposed the IPAT model in science. Subsequently, in 2003,
Dietz and Rosa [24] modified it to a stochastic form and introduced an expandable stochastic environmental impact as-
sessment model, namely the STIRPAT model. Numerous scholars [25-27] have introduced the variables of the LMDI
model into the STIRPAT model. This study improves the STIRPAT model by combining the aforementioned LMDI model
results. Given that the contribution and cumulative contribution of the energy structure factor were relatively minor from
2004 to 2020, suggesting a limited effect on carbon emissions, this influence was excluded from the model, and only other
influences were introduced into the STIRPAT model. By employing regional carbon emissions as a measure of environ-
mental pressure, population size to represent demographic factors, per capita affluence to reflect economic factors, energy
consumption intensity, and industrial structure to indicate technological factors, an improved STIRPAT model was devel-
oped, whose logarithmic form is more commonly used [28, 29]. See Equation (11).

InC=pg,+FnP+pL, MED+ B, InIS+ f, nEl+Inu (11)

The traditional linear regression model assumes that the impact is fixed. However, numerous economic and environ-
mental variables can cause structural changes. Consequently, the impact of these variables may be staged, and the panel
threshold model [30] addresses this issue. As the data in this study comprised panel data from 284 cities with significant

differences between them, an attempt was made to construct a threshold STIRPAT model based on the aforementioned
improved STIRPAT model. If the population size is a single threshold, it can be expressed as (12):

InC=p,+BInIS+ L, mED+ S, InEl+f,InPxI(InP<y )+ B InPxI(InP>y )+Inu (12)

Where I(-) is the indicative function. When the condition in the brackets is met, the indicative function takes the value
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of 1, otherwise itis 0; y; is the threshold value; p is the model error term.
2.4 Data sources

The research object of this study comprises panel data pertaining to carbon emissions and the influencing factors of 284
prefecture-level cities in mainland China from 2004 to 2020. The explanatory variables are carbon emissions, while the
control variables include population size, per capita affluence, industrial structure, energy consumption intensity, and en-
ergy structure. The data for the empirical analysis are primarily derived from the China Urban Statistical Yearbook. Indi-
vidual index data, such as carbon emissions, were obtained through measurements, and some missing values were inter-
polated. The measurement of carbon dioxide emission data in this study follows the method of Zhou et al. [31], Han and
Xie [32]. Data on the consumption of natural gas, liquefied petroleum gas (LPG), and electricity were obtained from the
China Urban Statistical Yearbook, and data on the ratio of coal-powered electricity generation to the total electricity gen-
eration were obtained from the China Electricity Yearbook.

2.5 Description of variables

In this study, the improved Kaya identity was used to decompose the influencing factors of carbon emissions into popula-
tion size, per capita affluence, industrial structure, energy consumption intensity, and energy structure, as shown in Equa-
tion (2), with the specific variables described as follows (Table 1):

Table 1. Variable Description

Abridge Full spelling Descriptive

Referring to the practice of scholars such as Zhou et al. [31] and Han and

C Carbon dioxide emission Xie [32] for the measurements
P Population size Characterized by the total population of each prefecture-level city at the end
of the year
ED Per capita affluence Charac.terlzed by the ratio of GDP to year-end population of each prefecture-
level city.
IS Industrial structure Characterized by the ratio of value added of secondary industry to GDP of
each prefecture-level city.
.. . Characterized by the ratio of energy consumption to value added of second-
El Energy consumption intensity . h
ary industry by prefecture level city
ES Energy structure Characterized by the ratio of carbon dioxide emissions to energy consump-

tion in each prefecture.

3. Results and Analysis
3.1 Calculation of the contribution value based on the LMDI model

Using the LMDI model, the mean value of the contribution of each influencing factor and the mean value of the total
contribution from 2004 to 2020 are calculated with reference to equations (6)-(10), and the magnitude and direction of the
role of each influencing factor on carbon emissions and the trend of time change are further analyzed. Details are presented
in Table 2.

Analysis Table 2 indicates that the annual average and cumulative contributions of the total effect are positive between
2004 and 2020, suggesting that carbon emissions are on the rise. From the perspective of influencing factors, the cumula-
tive contributions of population size, per capita wealth, and energy consumption intensity are positive, serving as the
positive drivers of carbon emissions. Specifically, the contribution of population size is positive except for the years 2005
to 2006, albeit with a weak and indecisive influence; the contribution of per capita wealth is consistently positive with a
substantial value, indicating a significant driving effect. Conversely, the cumulative contributions of industrial structure
and energy structure are negative, acting as inhibitors of carbon emissions. The contribution of the industrial structure is -
3.24, which is the strongest inhibitor of carbon emissions, while the contribution of the energy structure is -1.22, exerting
the least impact on carbon emissions.

DOI: 10.26855/0ajrces.2025.06.003 23 OAJRC Environmental Science



Qingjuan Xu, Kehong Li, Chunran Jiang, Ting Su

Table 2. Average value of the contribution of influencing factors in prefecture-level cities

Year Total effect P ED IS EI ES
2004-2005 0.66 0.26 0.81 -0.23 -0.16 -0.02
2005-2006 0.75 -0.14 1.02 0.11 -0.30 0.06
2006-2007 0.78 0.10 1.11 0.04 -0.53 0.06
2007-2008 0.37 0.10 1.06 0.06 -0.65 -0.20
2008-2009 0.52 0.06 0.93 -0.29 -0.16 -0.02
2009-2010 0.83 0.11 1.35 0.17 -0.88 0.07
2010-2011 0.82 0.12 1.50 0.05 -1.16 0.30
2011-2012 0.10 0.06 0.96 -0.23 -0.18 -0.50
2012-2013 0.76 0.07 0.82 -0.18 0.10 -0.04
2013-2014 0.02 0.12 0.63 -0.40 0.18 -0.51
2014-2015 0.08 0.01 0.54 -0.52 0.28 -0.23
2015-2016 0.60 0.17 0.49 -0.46 0.67 -0.27
2016-2017 5.04 0.10 0.96 -0.23 3.87 0.35
2017-2018 5.02 0.22 1.05 -0.41 4.05 0.11
2018-2019 0.95 0.27 0.70 -1.51 1.95 -0.46
2019-2020 1.00 0.26 0.36 -0.61 1.23 -0.24
2004-2020 18.30 1.87 17.88 -3.24 3.01 -1.22

3.2 Panel data stationarity test

Before building the model, to effectively avoid pseudo-regression and bias in the model estimation results, the panel data
should first be subjected to a unit root test. In this study, the homogeneity unit root test method LLC test, the heterogeneity
unit root test method ADF test, and the PP test were used.

Table 3. Results of stationarity test

Variables LLC ADF PP
InC -17.8351%** 47.5522%** 5.2901***
InP -7.0463*** 75.4673%%* 6.1563%**
InED -16.7419%** 42.1640%*** 28.8107***
InIS -12.5959%*** 51.8053*** 15.8284%**
InEI -13.2081%** 36.3142%** 14.1203%**

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

As indicated by Table 3, all three tests demonstrate that InC, InP, InED, InIS, and InEI reject the null hypothesis of the
presence of a unit root at the 1% significance level, suggesting that the original series are stationary. Consequently, it is
viable to utilize these data to construct the model, thereby avoiding issues such as biased estimation results that can arise
from non-smooth data.

3.3 Threshold effect test

Before constructing the threshold effect model, a threshold effect test must be conducted to verify whether the threshold
variable is significant and to determine the number of thresholds. Table 4 shows the results of the threshold effect test for
population size and energy consumption intensity.
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Table 4. Threshold effect test results

Thrgshold Threshold number F-value  P-value 1% 5% 10% Threshold 95%.Conﬁdence
variable value interval

Single Threshold 90.07 0.0467 131.4326  82.4850 66.9814 5.6355 [5,6108,5.6409]

InP Double Threshold 38.51 0.5233  126.1866  113.0474  94.5737 6.4533 [6,4443,6.4575]

Triple Threshold 34.62 0.4733  98.2866 82.1637 69.5241 5.3575 [5,3482,5.3677]

Single Threshold 153.38 0.0000  30.5190 26.0101 21.9595 8.2660 [8.2563,8.2750]

InEl Double Threshold 50.35 0.0000  28.6607 23.5702 19.2479 6.5874 [6.5572,6.5927]
Triple Threshold 28.52 0.2767  62.0236 45.3595 38.2063 6.1159 /

In Table 4, following 300 bootstrap samples, using population size as the threshold variable, the p-values for double and
triple threshold sampling are 0.5233 and 0.4733, respectively. Consequently, the null hypothesis of no threshold effect
cannot be rejected at the 5% significance level. However, the p-value for single threshold sampling is 0.0467, leading to
the rejection of the null hypothesis at the 5% significance level. Thus, the threshold-STIRPAT model with a single thresh-
old is selected. When energy consumption intensity serves as the threshold variable, the p-value for triple threshold sam-
pling is 0.2767, and the null hypothesis remains unrejected at the 5% significance level. Conversely, the p-values for
double and single threshold sampling are both 0.0000, indicating that the null hypothesis is rejected at the 1% significance
level. Therefore, the threshold-STIRPAT model with a double threshold is constructed.

3.4 Threshold-STIRPAT model estimation results
Table 5. Parameter estimation results of threshold -STIRPAT model

Population size as the threshold variable Energy consumption intensity as threshold variable
Oroups Variables Single threshold mode Variables Double threshold model

InP (InP < 5.6355) 0.811%%%(0.032) InP 0.887*%%(0.030)
InP (InP > 5.6355) 0.842%%%(0.031) InED 0.959%%%(0.004)
InED 0.960***(0.004) InIS 0.988***(0.014)
InIS 1.016*%**(0.014) InEl (InEl < 6.5874) 0.955***(0.006)
InEI 0.965%**(0.004) InEl (6.5874 < InEI < 8.2660) 0.964***(0.005)
InEl (InEI > 8.2660) 0.954*%%(0.005)

Cons -10.596***(0.184) Cons -10.908***(0.178)

Notes: *, ** and *** indicate 10%, 5% and 1% significance levels, respectively; Values in parentheses are standard errors (The same below).

The single-threshold STIRPAT model with population size as the threshold variable reveals that the coefficients of per
capita affluence, industrial structure, energy consumption intensity, and population size are all positive across different
population size stages, with more pronounced effects in the larger population stage. Specifically, increased per capita
affluence drives carbon emissions by stimulating industrial consumption demand. Industrial structure upgrading, charac-
terized by a higher proportion of secondary industries, leads to elevated energy consumption. The rise in energy consump-
tion intensity directly reflects increased energy use per unit of value added in secondary industries. In the stage with larger
population sizes, the coefficients are greater, indicating that cities with larger populations and higher population density—
typically more economically developed—exhibit higher per capita carbon emissions. This is particularly evident in meg-
acities such as Chongqing, Beijing, and Shanghai. Overall, the coefficient of industrial structure is the largest, exerting the
most significant impact on carbon emissions, whereas the coefficients of population size in both stages are relatively small,
suggesting a weaker influence on carbon emissions.

The double threshold-STIRPAT model with energy consumption intensity as the threshold variable reveals that among
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the three stages of energy consumption intensity, the coefficient in the second stage is the most significant, while the
coefficients in the other two stages are relatively similar. Lower energy consumption intensity indicates less energy con-
sumed per unit of added value in the secondary industry, which typically reflects a lower proportion of energy-intensive
heavy industries within the secondary sector, resulting in relatively lower carbon emissions. Conversely, higher energy
consumption intensity implies greater energy consumption per unit of added value in the secondary industry, which may
indicate a higher proportion of energy-intensive heavy industries or lower energy utilization efficiency. However, these
cities often have relatively smaller population sizes and lower economic development levels, leading to comparatively
lower carbon emissions. Overall, industrial structure remains the most significant factor influencing carbon emissions,
whereas the impact of population size on carbon emissions is relatively minor.

3.5 Robustness tests

After building the models, robustness tests were performed to assess the reliability and stability of the results.

Table 6. Threshold effect test results after robustness test

Threshold 1y o pold number ~ F-value  P-value 1% 5% 10% Threshold - 95% Confidence
variable value interval

Single Threshold ~ 90.07  0.0467  131.4326  82.4850  66.9814 5.6355 [5.6108,5.6409]

InP Double Threshold 3851 05233 126.1865 113.0474 94.5737 6.4533 [6,4443,6.4575]

Triple Threshold ~ 34.62 04733 982866 821637  69.5241 5.3575 [5,3482,5.3677]

Single Threshold 15338 0.0000  30.5190  26.0101  21.9595 8.2660 [8.2660,8.2750]

InEI Double Threshold ~~ 50.35  0.0000  28.6607  23.5702  19.2479 6.5874 [6.5572,6.5927]
Triple Threshold 2852 02767  62.0236 453595  38.2063 6.1159 /

Table 7. Threshold-STIRPAT model after robustness test

Population size as the threshold variable Energy consumption intensity as threshold variable
Oroups Variables Single threshold mode Variables Double threshold model

InP(InP < 5.6355) 0.811***(0.083) InP 0.887***(0.056)
InP(InP > 5.6355) 0.842%%%(0.074) InED 0.959***(0.008)
InED 0.960***(0.009) InIS 0.989%**(0.055)
InIS 1.016***(0.052) InEl (InEl < 6.5874) 0.955***(0.027)
InEI 0.965***(0.019) InEl (6.5874 < InEl < 8.2660) 0.964***(0.024)
InEl (InEI > 8.2660) 0.954***(0.024)

Cons -10.596***(0.489) Cons -10.908***(0.378)

Following the robustness test, the data presented in Tables 6 and 7 demonstrate that the threshold effects are statistically
significant at both levels. Furthermore, the threshold values and variable coefficients in the model remained consistent and
exhibited statistical significance at the level. These findings substantiate the robustness of both the single threshold-
STIRPAT model (utilizing population size as the threshold variable) and the double threshold-STIRPAT model (employ-
ing energy consumption intensity as the threshold variable) developed in this study.

3.6 Heterogeneity analysis based on different population sizes

In Section 3.4, population size was identified as the single threshold variable with a threshold value of 5.6355. Using this
value as the threshold, we further investigated the impact of population size on energy consumption intensity patterns
across different stages. Prior to model construction, threshold effect tests were still required.
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Table 8. Threshold Effect Test Results

Thre_shold Threshold number F-value P-value 1% 5% 10% Threshold 95%.C0nﬁdence
variable value interval

Single Threshold 95.82 0.0000 36.3490  26.3942  23.8670 7.9901 [7.9523,7.9941]

InEI Double Threshold 22.64 0.0600 30.3632 233673  19.8804 6.8294 [6.7916,6.8324]
Triple Threshold 27.41 0.3533 71.8372 47.8961  42.1243 6.0820 /

Single Threshold 45.25 0.0033 31.5769 249307  20.2871 8.2482 [8.2770,8.2635]

InEI Double Threshold 24.52 0.0133 24.6624  20.2575 16.8158 6.2292 [6.2063,6.2461]

Triple Threshold 12.66 0.5967 52.8316  41.0302  33.8847 7.6475 [7.6081,7.6525]

Table 8 demonstrates that during the stage of larger population size, the single threshold test for energy consumption
intensity passes the 1% significance level, with the threshold value being valid. Accordingly, a single-threshold STIRPAT
model is established for parameter estimation. In contrast, during the stage of smaller population size, the double threshold
test for energy consumption intensity passes the 5% significance level, and the threshold values remain effective. Therefore,
a double-threshold STIRPAT model is constructed to conduct parameter estimation.

Table 9. Parameter estimation results of threshold-STIRPAT model

Stage of larger population size Smaller population stage
Oroups Variables Single threshold mode Variables Double threshold model
InP 0.716%%*(0.051) InP 1.057**%(0.024)
InED 0.958*** (0.004) InED 0.957*%* (0.006)
InIS 1.030*** (0.017) InIS 1.014%%* (0.024)
InEI(InEI < 7.9901) 1.006*** (0.005) InEI(InEl < 6.2292) 0.953*** (0.011)
InEI(InEI = 7.9901) 0.995%** (0.005) InEI(6.2292 < InEl < 8.2482) 0.970%** (0.009)
InEI(InEI > 8.2482) 0.961%%* (0.009)
Cons -10.079%** (0.322) Cons -11.843***(0.253)

Comparing Tables 5 and 9 reveals that under the condition of a larger population size, the coefficient of population size
decreases from 0.887 to 0.716, indicating that in the stage of larger population size, the influence of the population effect
on carbon emissions decreases. The coefficients of per capita affluence are 0.959 and 0.958, indicating that the influence
of per capita affluence on carbon emissions is relatively stable and will not be greatly changed due to the difference in
population size. The coefficient of industrial structure increases from 0.989 to 1.030, indicating that the promotion effect
on carbon emissions is more significant in cities with larger population sizes. The coefficient of energy consumption
intensity changes from a double threshold to a single threshold, and both coefficients increase, indicating that it has a
greater promotion effect on carbon emissions when the population size is larger. In summary, in cities with larger popula-
tion sizes, the factor that has the greatest influence on carbon emissions is industrial structure, and the factor that has the
least influence on carbon emissions is population size.

The coefficient of population size increases from 0.887 to 1.057 under the condition of a smaller population size, indi-
cating that the influence of population size on carbon emissions increases when the population size is smaller and becomes
the most important factor affecting carbon emissions. The coefficients of per capita affluence are 0.959 and 0.957, respec-
tively, indicating that per capita affluence is not significantly affected by the difference in population size. The coefficient
of industrial structure increases from 0.989 to 1.014, indicating that the industrial structure of less populated cities con-
tributes more to carbon emissions, but to a lesser extent than that of more populated cities. Energy consumption intensity
continues to show a double threshold: the coefficient for the first stage decreases, whereas the coefficients for the second
and third stages increase, indicating that energy consumption intensity also has a slight effect on carbon emissions in cities
with smaller populations.
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3.7 Heterogeneity analysis based on the three economic regions

China's economic regions are divided into three main segments: eastern, central, and western, based on the distribution of
natural resources and the level of economic and social development. The three major economic regions are quite different
in all aspects, so this study explores whether the impact of the five major influencing factors on carbon emissions within
different economic regions has changed based on the division of the three major economic regions. Figure 2 shows the
division of the three major economic regions for 284 prefecture-level cities in China.

D Eastern region

- Central region

- Western region

Figure 2. Map of the three economic regions.

(Note: Based on the National Basic Geographic Information Center, the standard map No. GS (2024)0650 downloaded from the Tianditu
website is made, and the base map is not modified.)

3.7.1 Eastern region

The test results in Table 10 show that in the sample data of the eastern region, the threshold effect passes the test, and the
threshold-STIRPAT model can be established with population size and energy consumption intensity as single thresholds.
Table 11 presents the regression results for the two models.

Table 10. Threshold effect test results

Economic Threshold Threshold Threshold  95% Confidence  Threshold
. . F-value 1% 5% 10% .
regions variable number value value interval type
Single 142.07  0.01 14241 103.02 88.04  5.6062  [5.6046,5.6093]
Threshold : : : : : : DD,
InP Double 6749  0.12  129.17 98.17 73.07 64533  [6.4496,6.4582] Singl
n Threshold . . . . . . . ,6. ingle
ThT “‘Llel g 2135 085 10578 8344 7572 55215 [5.5134,5.5241]
Eastern resho
region Single
67.94  0.00 4239 2493 20.65 82842  [8.2654,8.3006]
Threshold
InEl Double 10.75 048 4708 2854 1921  6.8280  [6.7915,6.8319] Single
Threshold ’ ’ ’ ’ ’ ’ ’ o
Triple
Threehold 608 070 3045 2198 19.06 6.2814 /
Central InEl Single 2837  0.03 3686 2447 2089  6.6329  [6.5991,6.6449] Single
region Threshold
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Table 10 Continued

Double
Threshold 9.02 0.57 29.97 21.86  19.50 7.9992 [7.9583,8.0045]
Triple
Threshold 7.94 0.76 31.11 2498  21.72 7.6534 [7.5964,7.6571]
Single 7291 0.0567 115.54 7456  60.83 5.6411 [5.6318,5.6462]
Threshold ’ ’ ’ ’ ’ ’ ’ T
InP Double 52.40 0.1233 98.12 70.27  56.16 6.4378 [6.4103,6.4505] Singl,
n Threshold . . . . . . . ,6. ingle
Triple 4750  0.1333  157.85  63.01 5255 53578  [5.3485,5.3664]
Threshold ) ’ ) ) ) ) ) o
Western
restont Single 5221 0.0000 3295 2678 2238 65009  [6.4283,6.5099]
Threshold
Double 6.5464  [6.4993,6.5559]
InEI Threshold 22.36 0.0833 36.83 2436 2149 Single
resho 5.9121 [5.9044,5.9214]
Triple 1423 03067 44.60 30.89 2543  7.4874  [7.3000,7.4902]
Threshold ) ’ ’ ) ’ ’ ) >
Table 11. Parameter estimation results of the threshold-STIRPAT model in the eastern region
InP as a threshold variable InEl as a threshold variable
Groups
Variables Single threshold model Variables Single threshold model
InP (InP < 5.6062) 0.638***(0.046) InP 0.857***(0.042)
InP (InP > 5.6062) 0.691***(0.044) InED 0.958*** (0.006)
InED 0.965***(0.005) InIS 1.047%* (0.022)
InIS 1.073%*%(0.021) InEl (InEl < 8.2842) 0.959*** (0.007)
InEI 0.942%%%(0.006) InEI (InEI > 8.2842) 0.947%%*(0.006)
Cons -9.395%%*(0.265) Cons -10.587*** (0.253)

According to the results presented in Table 11, it is evident that, within the sample data of the eastern region, the coef-
ficient of industrial structure exhibits the highest value in both models, indicating that industrial structure exerts the greatest
influence on carbon emissions. Conversely, the coefficient of population size demonstrated the lowest value in both models,
suggesting that population size has a comparatively minimal impact on carbon emissions. This phenomenon may be at-
tributed to the fact that cities in the eastern region generally have larger populations and higher levels of economic devel-
opment. Consequently, industrial structure has emerged as the primary factor affecting carbon emissions in the region,
whereas the influence of population size remains relatively insignificant.

3.7.2 Central region
From Table 10, it can be observed that in the central region, only the energy consumption intensity passed the threshold
effect test of a single threshold, and the threshold-STIRPAT model with energy consumption intensity as a single threshold
can be established. Table 12 shows the parameter estimation results of the threshold-STIRPAT model.

Table 12 shows that in the central region, industrial structure has the most significant effect on carbon emissions, while
the effect of per capita affluence is relatively small. The main reason for this is that heavy industry is more prominent in
the central region, and the degree of economic development is slightly less than that in the eastern region.
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Table 12. Parameter estimation results of threshold-STIRPAT model in the Central region

Variables Single threshold model
InP 0.946**%(0.033)
InED 0.931*%%(0.004)
InIS 1.106***(0.017)
InEl (InEI < 6.6329) 1.003***(0.007)
InEI (InEI > 6.6329) 1.011***(0.006)
Cons -11.483%%%(0.199)

3.7.3 Western region
Table 10 shows that both population size and energy consumption intensity passed the single threshold test, and both could
be modelled as a single threshold-STIRPAT model. The results of the parameter estimation are shown in Table 13.

Table 13. Parameter estimation results of threshold-STIRPAT model in the Western region

InP as a threshold variable InEl as a threshold variable
Groups Variables Single threshold model Variables Single threshold model
InP (InP < 5.6411) 1.102*%%(0.118) InP 1.187*%%(0.117)
InP (InP > 5.6411) 1.182%%%(0.117) InED 0.995**%(0.010)
InED 0.990**%(0.010) InIS 0.804**%(0.039)
InIS 0.847**%(0.039) InEl (InEl < 6.5009) 0.850***(0.015)
InEl 0.931**%(0.010) InEI (InEI = 6.5009) 0.877***(0.012)
Cons -12.426***(0.664) Cons -12.232*%**(0.666)

Table 13 shows that population size exerts the greatest influence on carbon emissions in the western region, whereas
industrial structure has the least impact. This phenomenon can be primarily attributed to the fact that the majority of cities
in the western region are characterized by low population density and relatively late development, resulting in a discernible
disparity in economic development compared to the eastern and central regions. The regression results presented in Table
13 exhibit substantial similarity to those of the smaller population size stage (Table 9), further corroborating the significant
influence of population size on carbon emissions in the western region.

Finally, stability tests were conducted on the constructed models, and the results demonstrated that the established mod-
els exhibit robustness. Due to space limitations, the specific results are not presented here.

4. Conclusion

First, through the application of the LMDI model to calculate the contribution value and the cumulative contribution value,
it is evident that during the period 2004-2020, population size, per capita affluence, and energy consumption intensity
exerted a positive influence on carbon emissions, while industrial structure and energy structure demonstrated a negative
inhibitory effect. Among these factors, per capita affluence exhibited the most significant positive driving effect, industrial
structure displayed the strongest negative inhibitory effect, and energy structure had the least impact on carbon emissions.
Second, through the construction of a threshold-STIRPAT model based on panel data from 284 prefecture-level cities
in China, utilizing population size and energy consumption intensity as threshold variables, it is evident that industrial
structure exerts the most significant impact on carbon emissions, whereas population size demonstrates the least influence.
Furthermore, the effects of population size and energy consumption intensity on carbon emissions are phased in nature.
Third, through an analysis of the heterogeneity among cities with varying population sizes, it was observed that in cities
with large populations, industrial structure exerts the most significant influence on carbon emissions, while population size
has the least impact. The effect of energy consumption intensity on carbon emissions exhibited a staged pattern. Conversely,
in cities with smaller populations, population size emerges as the primary factor affecting carbon emissions, followed by
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industrial structure, while the influence of energy consumption intensity remains stage-specific.

Fourth, through the heterogeneity analysis of the three major economic regions, it was observed that in the eastern region,
industrial structure exerts the greatest influence on carbon emissions, whereas population size has the least impact, which
is in line with the law of cities with larger populations. In the central region, industrial structure demonstrated the most
significant effect on carbon emissions, whereas per capita affluence exhibited the smallest impact on carbon emissions. In
the western region, population size exhibited the greatest influence on carbon emissions, whereas industrial structure
demonstrated the least impact on carbon emissions.

5. Recommendations

In light of the aforementioned conclusions, the following recommendations were proposed:

First, energy structure adjustment: (1) Implementation of policy guidance to gradually reduce the proportion of tradi-
tional energy sources in the energy structure, particularly coal, while increasing the proportion of clean energy alternatives.
(2) Incorporation of carbon emission targets into the assessment systems of local governments and enterprises to enhance
environmental responsibility awareness. (3) Development and implementation of incentive mechanisms such as financial
subsidies and tax incentives to support the growth of the clean energy sector. (4) Augmentation of investment in clean
energy technology research and development, as well as infrastructure construction, with a focus on renewable energy
sources, including wind and solar energy.

Second, high-quality economic development: (1) Facilitates the transformation of the economic growth model from
rudimentary to intensive, emphasizing the quality and efficiency of economic growth. (2) Promote the optimization and
upgrading of industrial structure, transitioning towards high-end, intelligent, and environmentally sustainable practices. (3)
Enhance public awareness of sustainable consumption through educational initiatives and public campaigns, guiding res-
idents to adopt environmentally conscious consumption patterns. For instance, encouraging citizens to utilize energy-effi-
cient appliances and new energy vehicles while reducing the consumption of single-use products.

Third, the optimization of industrial structure: (1) Make industrial structure adjustments and optimize the core strategy
for emission reduction, particularly by increasing support for low-energy-consuming and high-value-added industries. (2)
Introduce targeted policies to encourage enterprises to adopt advanced production processes and facilitate technological
transformation and innovation. (3) Formulate scientific industrial development plans, delineate the development direction
and focus of each region and industry, and prevent uncoordinated and unsystematic development. (4) Establish an indus-
trial development information platform to provide enterprises with timely information on markets, technologies, and pol-
icies.

Fourth, the relationship between population size and carbon emissions requires careful management. (1) When formu-
lating policies, consideration should be given to the stage-specific characteristics of the relationship between population
size and carbon emissions. (2) In cities with large populations, proactive planning should be implemented to address the
potential increase in carbon emissions resulting from population growth. For instance, this may involve enhancing public
transportation infrastructure and improving the energy efficiency of urban housing. (3) In cities with smaller population
sizes, attention should be paid to the possible sharp rise in carbon emissions caused by population growth, and the scale of
urban development and industrial layout should be rationally planned to avoid taking the road of sloppy development.

Fifth, regionally differentiated emission reduction strategies. (1) The eastern region should intensify the green transfor-
mation of its industries, leverage its economic and technological advantages, and augment its investment in high-tech and
modern service industries. For instance, additional scientific and technological research and development centers and fi-
nancial service centers should be established in developed coastal cities, whereas traditional manufacturing industries with
high pollution and energy consumption should be gradually phased out. (2) The central region should prioritize the opti-
mization and upgrading of the industrial structure as the primary means to reduce emissions, enhance the technological
transformation of traditional industries, improve energy utilization efficiency, emphasize greening and low-carbon devel-
opment, and focus on the cultivation and recruitment of professionals in the low-carbon field. (3) Western regions should
rationally plan population and industrial development, develop characteristic low-carbon industries, such as eco-agricul-
ture and tourism, and reduce dependence on high-carbon industries. Strengthen the construction of energy infrastructure
and improve the stability and efficiency of the energy supply.
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