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Abstract

Limiting anthropogenic carbon emissions within vegetation carbon sequestration capac-
ity is essential for urban sustainability. However, previous studies frequently neglected
spatial dependency among cities, leading to uncertainties in understanding whether local
carbon footprint pressure (CFP) is shaped only by local conditions or also by neighboring
cities. This study analyzes the spatial patterns of CFP across Chinese cities from 2000 to
2019 and further investigates its driving factors using cross-sectional data for 2019. Spatial
analysis methods, an extended STIRPAT model, and spatial econometric models are com-
bined to diagnose the socioeconomic, environmental, and spatial mechanisms of CFP. Re-
sults indicate that the mean center of CFP’s standard deviation ellipse shifted from north-
west to southeast during 2000-2019, reflecting a spatial redistribution of carbon-emission
pressure on vegetation carbon sequestration. The 2019 driver analysis shows that carbon-
emission intensity, used here as an inverse proxy for technology-related emission effi-
ciency, is the most influential factor: a 1% increase in carbon-emission intensity is associ-
ated with an approximate 1.2% increase in local CFP. Affluence, vegetation carbon seques-
tration, precipitation, temperature, and forest cover also shape CFP distribution patterns.
Crucially, the study identifies significant spatial spillover effects: a 1% reduction in the
carbon-emission intensity of neighboring cities is associated with at least a 0.8% reduction
in local CFP. These findings suggest that CFP is jointly shaped by local socioeconomic
development, ecological endowments, and inter-city spatial interactions. The study high-
lights the need to integrate local emission reduction, carbon-sink protection, and regional
collaboration into urban climate governance.

Keywords: spatial spillover effect; carbon footprint pressure; spatial pattern; climate
change; dual carbon target

1. Introduction

In response to climate change, countries worldwide are working to reduce anthro-
pogenic carbon emissions [1,2] and improve vegetation carbon sinks [3]. China is the
world’s greatest carbon emitter [4], accounting for more than 26% of global emissions [5].
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To strengthen the country’s self-help contribution, the Chinese government has commit-
ted the “Dual Carbon” targets to reaching a carbon peak in 2030 and being carbon neutral
by 2060 [6,7]. Cities, as the fundamental unit of policy formation and implementation, play
an important role in the commitments [8]. Not only do cities contribute to high carbon
emissions [9], but they also destroy and encroach on ecosystems as a result of fast devel-
opment [10,11], exacerbating the CFP rising [12]. Evidence shows that, from 2001 to 2015,
China’s CFP increased 9.75 times faster than the global average [13]. Therefore, there is an
urgent need to mitigate CFP at the urban scale to improve the Chinese government’s abil-
ity to fulfill its commitments and provide reference for improving climate policies.

Mitigating the rising CFP demands city-wide cooperation [14,15]. Currently, much
research has investigated the potential path to mitigate the rising CFP, e.g., economic
structure transformation [16-18], energy structure upgrading [19], ecological environment
improvement [7], technical efficiency enhancement [20], population density regulation
[21], and urban space optimization [12]. However, past studies have tended to use time
series as the primary study object [22], neglecting the spatial dependency, i.e., the link
between the cities. As industry and supply networks develop, urban carbon reduction is
becoming more sophisticated and under huge strain [23]. There is evidence that industrial
transfer has greatly helped carbon reduction and environmental problems in commodity-
importing cities [24]. However, this change promotes industrial clusters [25] while tying
embodied carbon emissions to commodity export hubs and hastening the creation of im-
permeable artificial surfaces, resulting in a significant loss of vegetation carbon sinks [26-
28]. Between 2000 and 2010, global urban growth cancels out approximately 30% of the
net primary productivity (NPP) of the terrestrial environment induced by climate change
[29]. Although studies have shown that technological promotion induced by regional
spillover of carbon emissions can lead to carbon reductions [30], the loss of vegetation
carbon sinks has raised doubt about whether such spatial spillover can mitigate climate
change [31,32].

Theoretically, CFP can be understood as the relative pressure of anthropogenic car-
bon emissions on vegetation carbon sequestration. Therefore, its formation depends on
both the emission side and the carbon-sink side. Socioeconomic factors such as economic
development, population concentration, and carbon-emission intensity mainly influence
the amount of anthropogenic carbon emissions [33], whereas ecological and climatic fac-
tors such as vegetation carbon sequestration, precipitation, temperature, and forest cov-
erage affect the capacity of natural systems to absorb carbon. From this perspective, CFP
is not only an emission-related indicator but also a coupled socioeconomic—ecological in-
dicator that reflects the balance between human carbon pressure and ecosystem carbon-
sink capacity. This theoretical structure also implies that CFP may exhibit spatial depend-
ence. Cities are not isolated units; industrial transfer, technology diffusion, infrastructure
connectivity, policy learning, and ecological continuity may transmit carbon-emission
pressure or carbon-sink effects across administrative boundaries [34-36]. Therefore, ex-
plaining CFP requires not only identifying local drivers but also examining whether
neighboring cities influence local CFP through spatial spillover mechanisms.

Methodologically, previous CFP studies have provided important insights into the
temporal evolution, decomposition, and decoupling characteristics of carbon-emission
pressure. However, these approaches are often insufficient for identifying spatial hetero-
geneity and inter-city dependence. Because CFP reflects the relative pressure of anthro-
pogenic carbon emissions on vegetation carbon sequestration, its spatial distribution is
shaped not only by local socioeconomic activities but also by regional ecological endow-
ments and cross-boundary interactions. Therefore, spatial analytical methods are neces-
sary to identify where CFP is concentrated, how its spatial center changes over time, and
whether high- or low-pressure cities tend to cluster geographically. Standard deviation
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ellipse analysis is suitable for detecting the directional movement and dispersion of CFP,
while hot spot analysis and spatial autocorrelation analysis can reveal statistically signif-
icant spatial clusters and local spatial associations. These methods provide a spatial basis
for evaluating whether CFP mitigation should be addressed only within individual cities
or through broader regional coordination.

In addition, the STIRPAT model [37] provides a useful framework for examining the
socioeconomic drivers of environmental pressure because it links anthropogenic environ-
mental impact with population, affluence, and technology. Nevertheless, CFP differs from
conventional carbon-emission indicators because it simultaneously reflects carbon emis-
sions and vegetation carbon sequestration. Therefore, relying only on socioeconomic var-
iables may overlook the role of natural conditions in shaping CFP. In this study, the STIR-
PAT framework is extended by incorporating vegetation carbon sequestration, precipita-
tion, temperature, and forest coverage, which are directly or indirectly related to ecosys-
tem carbon-sink capacity. Furthermore, conventional linear regression cannot adequately
account for spatial dependence among cities. Spatial econometric models, including SEM,
SLM, and SDM [38], are therefore introduced to identify whether CFP and its drivers ex-
hibit spatial spillover effects. This methodological design allows us to examine not only
the local determinants of CFP but also the extent to which neighboring cities influence
each other. The purpose of this study is to determine how socioeconomic development,
natural endowments, and inter-city spatial interactions influence CFP across Chinese cit-
ies. Specifically, this study first identifies the spatial pattern and evolutionary characteris-
tics of city-scale CFP from 2000 to 2019. Second, it extends the STIRPAT model by incor-
porating natural elements that may affect both anthropogenic carbon emissions and veg-
etation carbon sequestration. Third, using cross-sectional data for 2019, it integrates the
extended STIRPAT model with spatial econometric models to reveal the direct and indi-
rect effects of CFP drivers. The year 2019 is selected because it is the latest year for which
all required datasets are consistently available and because it represents the pre-COVID-
19 urban socioeconomic and environmental condition, avoiding the potential disturbance
caused by the pandemic on emissions, mobility, and economic activities.

Based on the above research gaps and objectives, this study addresses three research
questions. First, what are the spatial patterns and evolutionary characteristics of CFP
across Chinese cities? Second, can an extended STIRPAT model incorporating both socio-
economic and natural factors better explain inter-city differences in CFP? Third, do CFP
and its driving factors exhibit significant spatial spillover effects among cities? Accord-
ingly, this study proposes three research hypotheses. First, CFP in Chinese cities is ex-
pected to exhibit significant spatial agglomeration and directional evolution. Second, in-
corporating natural factors into the STIRPAT framework is expected to improve the ex-
planatory power for CFP compared with socioeconomic variables alone. Third, CFP and
its key drivers, especially carbon-emission intensity, are expected to generate significant
spatial spillover effects across neighboring cities. The novelty of this study lies in diagnos-
ing the spatial drivers and spillover effects of CFP at the city scale and providing empirical
evidence for inter-city collaborative climate governance. This study’s marginal contribu-
tion is summarized as follows: First, we investigate the spatial pattern and evolution of
CFP, which compensates for prior research’s neglect of spatial scale. Second, the inclusion
of natural elements in STIRPAT that have potential effects on both anthropogenic carbon
emissions and vegetation carbon sequestration emphasizes the relevance of regional dis-
parities in resource endowments in mitigating climate change. Finally, the use of spatial
econometric models illustrates the direct and indirect effects of driving factors on CFP and
provides empirical evidence for interregional collaborative climate governance.
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2. Methods and Materials

The purpose of this research is to determine the spatial patterns and determinants of
city-scale CFP in China. CFP is defined as the ratio of anthropogenic carbon emissions to
vegetation carbon sequestration. It represents the extent to which human-induced carbon
emissions impose pressure on urban vegetation carbon sinks. A higher CFP indicates
greater pressure of anthropogenic carbon emissions on local vegetation carbon sequestra-
tion. This study investigates geographical patterns using standard deviation ellipse anal-
ysis, hot spot analysis, the Moran index, and local spatial autocorrelation analysis. It fur-
ther extends the STIRPAT model and integrates it with spatial econometric models to con-
duct the driver analysis.

CFP reflects the environmental impact of human activities from a carbon emissions
perspective, rather than the net-zero carbon emissions. The calculation formula is as fol-
lows:

CFP = CF /npp €))]

where CFP is the ratio of energy-related CO: emissions to the carbon sequestration of
vegetation; CF is the energy-related CO: emissions; and npp denotes the carbon seques-
tration of vegetation, which is calculated from NPP and represents the dry-matter-fixed
CO:2 produced by vegetation.

2.1. Spatial Pattern Characterization
2.1.1. Standard Deviation Ellipse

This study employed the standard deviational ellipse (SDE) to reveal the spatial
properties of city-scale CFP, including dispersion, concentration degree, and changing
patterns [39]. The SDE employs fundamental parameters such as the mean center, main
axes, minor axes, and azimuth to analyze and describe the centrality, dispersion, direction
trends, and geometric shape of the CFP’s spatial distribution [40]. The SDE area comprises
the primary regions in CFP that are spatially dispersed. The minor and main axes repre-
sent the directions and scopes of CFP distribution, as well as the degree of their dispersion.
When the ellipse is elongated, the dispersion along the major trend becomes more pro-
nounced. A greater distance between the minor and major axes indicates a more apparent
polarization in the distribution. The azimuth reveals the predominant direction of CFP
dispersion. The mean center, representing the centroid of all cities” CFP in two-dimen-
sional space, indicates the relative locations of CFP and their general evolutionary trajec-
tories over different periods. The calculation formulas are as follows:
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where X and Y are the transverse and vertical coordinates of the mean center, respec-
tively. w; is the i-th city’s CFP, (x,y) is the geographical coordinates of the center of
mass. 6 is the azimuth and is defined as a clockwise angle between the true north and
the main axes. g, and o, are the standard deviations along the x-axis and y-axis.

2.1.2. Hot Spot Analysis

Hot spot analysis is utilized to assess the spatial heterogeneity of the CFP at the city
scale. Using the Getis-Ord Gi* statistic, the acquired Z-scores and p-values are calculated,
where CFP values serve as weights. This method identifies spatial cluster of high-value
areas (hot spots) and low-value areas (cold spots). The calculation formulas are as follows:

G = Wi % _)?23"=1Wf,j
S\/”Z;:lwiz,j - (Z;:lwi,j )2 @)
n—1
X =2 ®)
n
n,. 2
X . )
5= () ©)
n

where G{ indicates that Z is worth scoring. The higher the Z is worth scoring and has
statistical significance, the higher the spatial cluster degree of the high-value area (hot spot)
is. If the Z-value score is lower and statistically significant, the spatial agglomeration de-
gree of the low-value region (cold spot) is higher.

2.1.3. Global and Local Spatial Autocorrelation Analysis

In this study, the global Moran Index (Global Moran’s I), ranging from -1 to 1, is
utilized to quantify the global spatial autocorrelation of city-scale CFP. A value of I <0
indicates a negative spatial correlation, with I = —1 representing perfect negative corre-
lation. Conversely, I > 0 suggests a positive spatial correlation, increasing towards per-
fect positive correlation as I approaches 1. An [ = 0 indicates no spatial association,
with the CFP distributed randomly across space. The formula for Global Moran’s I is as

follows:
J XIE Wy (% —f)(zx.f -%) (10)
v Z;,(xi _)?)
V=%3W,; 1

i=1j=1
where | represents Global Moran’s I, n represents the total number of cities, x; and x;
represent the CFP of cities i and j, respectively, x is the average CFP, and W;; is the
standardized spatial weight matrix, which represents the spatial link between cities. The
significance of Global Moran’s I can be assessed by standardizing Z and p values. If
—1.96 <Z < 196 and p > 0.05, Global Moran’s I is not significant. The score of Z; can
be calculated as follows:

_I-E[]]
N ZT [7] (12)
E[1]= —ﬁ (13)
VAR[1)=E| I* |-E[1] (14)
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Furthermore, while the global spatial autocorrelation model provides an overall as-
sessment of whether urban CFP is spatially clustered, it does not identify the specific lo-
cations of these clusters. To address this limitation, this study employs local spatial auto-
correlation analysis to examine the spatial relationships of urban CFP at a more granular
level. The local spatial autocorrelation index measures the degree of correlation between
each urban CFP value and its neighboring values. The calculation model is as follows:

(x; ‘E)Zj=l(’?i _f)
1 _
;Z?:I(xi —x)2

where the interpretations of the remaining variables are the same as Equation (10).
All urban CFP could be classified into four classes in the local spatial autocorrelation
index, namely, High-High, representing high CFP surrounded by high CFP; Low-Low,

;=

(15)

representing low CFP surrounded by low CFP; Low-High and High-Low, representing
low CFP surrounded by high CFP and high CFP surrounded by low CFP, respectively.

2.2. Drivers Analysis Process
2.2.1. Expanded STIRPAT Model

The STIRPAT model is widely used to reveal the drivers of anthropogenic environ-
mental impact. STIRPAT, a stochastic form of the IPAT equation (Equation (16)), is pre-
sented in Equation (17) and may be expanded to meet research needs. By applying loga-
rithms to both sides of the equation, Equation (17) can be transformed into a linear model,
Equation (18). In this study, CFP is used as the environmental impact variable in the STIR-
PAT framework. Population is represented by population density (Pd), and affluence is
represented by real GDP per capita (A). The technology-related factor is represented by
carbon-emission intensity (T), calculated as anthropogenic carbon emissions per unit of
real GDP. It should be noted that T is an inverse proxy for technology-related emission
efficiency; a higher T indicates greater carbon emissions per unit of economic output and
thus lower emission efficiency, whereas a lower T indicates technological improvement
or higher carbon-emission efficiency. Therefore, a positive coefficient of InT means that
higher carbon-emission intensity increases CFP, while a decrease in T represents im-
proved technology-related emission efficiency and contributes to CFP reduction. Because
CEFP is jointly shaped by anthropogenic carbon emissions and vegetation carbon seques-
tration, vegetation carbon sequestration (Cs) is included as a separate explanatory variable.
According to relevant research [41-43], we have expanded the STIRPAT model to include
temperature (Tem), precipitation (Pre), and forest coverage (Forest) as explanatory varia-
bles to assess the potential influence of key environmental factors on CFP.

[ =PXxXAXT (16)
I = a}?bAiCZ;dei (17)
Inl; =Ina+binP, +clnA, +dinT, +Ine, (18)

InCFR, =Ina+ BInT, + BIn4 + BinPd, + 3,inCs; + BnPre, + BInTem + 3, Forest, +&  (19)
where [ is the environmental impact caused by human activity and represents the CFP
in this study. P, A, and T are the effects of population, affluence, and technology, re-
spectively. In Equation (18), a denotes the constant coefficient; b, ¢, and d reflect the
underestimated parameters; and ¢ is the error term. In Equation (19), CFP; represents
the carbon footprint pressure of city i; T; represents carbon-emission intensity, meas-
ured as anthropogenic carbon emissions per unit of real GDP; A; represents real GDP per
capita; Pd; represents population density; Cs; represents vegetation carbon sequestra-
tion; Pre; and Tem; represent annual precipitation and annual mean temperature, re-
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spectively; Forest; represents the proportion of forest land; a is the constant term; ;-
B, are estimated coefficients; and ¢; is the error term.

2.2.2. Spatial Econometric Model

To address the limitation that the linear model does not account for spatial depend-
ency in regression analysis, this study employed the spatial econometric model based on
Equation (19) to investigate the drivers of the CFP spatial pattern. Commonly used spatial
econometric models include the Spatial Error Model (SEM), the Spatial Lag Model (SLM),
and the Spatial Durbin Model (SDM) [38]. The model is classified as the SEM when the
error components exhibit spatial correlated. Its expression is as follows:

Y =XB+Wu+e, £~N(O,52) (20)

where Y isthe vector n X 1 and represents the explained variable; X is the vector of ex-
planatory variables. It is a (n X k) matrix if there are k explanatory variables. u is a ran-
dom error vector; 4 is the spatial correlation coefficient between the regression residuals.
W is a (n X n) spatial weight matrix; & denotes the random error term, which is widely
thought to be independent.

When the spatial dependence between the explained variables is critical to the model
and results in spatial correlation, it is termed the SLM, also known as a spatial autoregres-
sive model. The formula is as follows:

Y=plY+Xp+e,e~N(0,5) 1)

where p represents the coefficient of endogenous interaction effect (W X Y), and its mag-
nitude reflects the degree of spatial diffusion or spatial spillover. If p is significant, it in-
dicates that there is a certain spatial dependence between the explained variables.

The SDM is a more general variation in the SEM and SLM that incorporates both
endogenous and exogenous interaction effects (W X Y and W x X). The formula is as fol-
lows:

Y= pWY+XB+WX6+e,€~N(0,5°) 22)

When 6 =0, the SLM model is used and, when 6 = —pf, the SEM model is used.
The greater the spatial interaction of explanatory factors is, the more significant 6 is.
However, 8 cannot be used to conclusively determine the presence of spatial spillover
effect. The diagonal elements of (I — pW)~ (B, + W,) indicate direct influence, while
the non-diagonal elements reveal indirect effect. The significance of these two effects is
examined using the method for calculating the partial derivative matrix.

The spatial weight matrix significantly influences the results as a critical coefficient
matrix in operations involving SLM, SEM, and SDM. Therefore, the inverse geographic
distance matrix and the first-order adjacency matrix are selected as spatial weight matrices
for comparison and verification. The inverse distance matrix is defined as the reciprocal
of the distance between two cities. Under this specification, cities located closer to each
other are assigned larger spatial weights, whereas cities farther apart are assigned smaller
spatial weights. The first-order adjacency matrix indicates that only adjacent cities can
have interactions.

2.3. Data Sources

This study utilizes multi-source datasets for carbon emissions, vegetation carbon se-
questration, socioeconomic conditions, land use, and meteorological variables. Anthropo-
genic carbon emissions are obtained from the Open-source Data Inventory for Anthropo-
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genic CO2, specifically the ODIAC2020b dataset (https://db.cger.nies.go.jp/da-
taset/ODIAC/DL_odiac2020b.html, accessed on 5 April 2026). Vegetation carbon seques-
tration is calculated using NASA'’s net primary productivity product and aggregated to
the city scale. Real GDP data are obtained from the gridded real GDP dataset developed
by Chen et al. [44]. Population data are obtained from the WorldPop dataset
(https://www.worldpop.org/, accessed on 5 April 2026). Land-use data are obtained from
Yang and Huang [45], and forest coverage is calculated as the proportion of forest land
within each city. Meteorological data, including precipitation and temperature, are ob-
tained from the National Tibetan Plateau / Third Pole Environment Data Center (TPDC)
(https://data.tpdc.ac.cn/en/, accessed on 5 April 2026).

The spatial pattern analysis is conducted for the period 2000-2019 to identify the evo-
lution of CFP. The driver analysis and spatial econometric analysis are conducted using
cross-sectional data for 2019. The year 2019 is selected because it is the latest year for which
all required variables are consistently available in the datasets used in this study. It also
represents the pre-COVID-19 baseline condition, avoiding the potential disturbance
caused by the pandemic on carbon emissions, mobility, economic activity, and urban de-
velopment patterns.

3. Results

3.1. Spatial Characteristics of the Pressure from Carbon Emissions on Vegetational Carbon
Sequestration on the City Scale

Vegetation carbon sequestration capability in Chinese cities faces severe pressure
from carbon emissions, which range from 0.22 to 118.82, and exhibits substantial spatial
agglomeration (Figure 1). The CFP distribution pattern shows a gradient increase from
southwest to northeast, with higher CFP concentrations primarily in China’s metropolitan
agglomeration areas (Figure 1a). CFP hotspots are predominantly concentrated in north-
west China at the 1% significance level, while cold spots are primarily found in southwest
China at the 10% significance level (Figure 1b). Compared to the year 2000 (Figure S1), the
hotspots of CFP have shifted westward, although the overall hotspots pattern remains the
same. Standard deviation ellipse analysis indicates that the CFP of Chinese cities is
broadly dispersed spatially from northwest to the middle east, with the mean center shift-
ing from northwest to southeast (Figure 1c). Additional relevant parameters can be found
in the Supplementary Material, Table S1.

(b) (c)

36.5

36.0 4

35.5

B 0.01 Cold

559 0.05 Cold

010 Cod

[_INot Significant

[ l0.10Het oo : : : T

[ 0.05 Hot 0 106 107 108 109 110

M 0.01 Hot East longitude (degres)

[ Mo data [ No data
825 km el 0 825 km Ve

| M| -

Northern latitude (degree)

35.0

Figure 1. CFP patterns of Chinese cities. (a) Spatial distribution in the year 2019; (b) hot spot distri-
bution in 2019 and standard deviation ellipse for typical years; (c) the spatial shift trend of the mean
center of the standard deviation ellipse during the period of the years from 2000 to 2019. In (a), HC,
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CL, JJ], SC, CH, YRD, MYR, WT, PRD, JZ, HBEY, GZ, NX, and NT represent the metropolitan areas
of Harbin-Changchun, Central-southern of Liaoning, Jing-Jin-Ji, Shandong Peninsula, Central He-
nan, Yangtze River Delta, Middle Yangtze River, Western Taiwan Straits, Pearl River Delta, Jinzhong,
Hohhot-Baotou-Erdos-Yulin, Guanzhong, Ningxia, and North Slope of Tianshan Mountain, respec-
tively.

The spatial autocorrelation and clustering of city-scale CFP in China are significant
(Figure 2). The Moran index for city-scale CFP was 0.021 (p < 0.01) in 2019 (Figure 2a).
Spatially (Figure 2b), the Yangtze River Delta, Pearl River Delta, and Urumgqi metropolitan
areas, along with Shizuishan and Jiayuguan in the northwest, exhibit high-high CFP clus-
ters. In contrast, Zhangye and Haixi are characterized by low-high CFP outliers, and other
areas are statistically unimportant. Therefore, spatial effects must be considered in subse-
quent research.

Jiayuguan
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Figure 2. Moran’s I (a) and spatial clustering of CFP in Chinese city scale in the year 2019. In (b), the
red dashed circles highlight the representative cities and regions discussed in the text, and the gray

lines connect the labels to their corresponding locations.

3.2. Preliminary Driver Analysis

Regional disparities in CFP can be more efficiently explained by integrating socioec-
onomic and natural variables (Table 1). We utilized the ordinary least squares approach
to compare the explanatory power of four linear models on CFP in 2019. In Model 1, car-
bon-emission intensity (In T') has the largest positive coefficient and is significant at the 1%
level. Since T is defined as anthropogenic carbon emissions per unit of real GDP, a higher
value of T indicates lower technology-related emission efficiency. Therefore, the positive
coefficient should be interpreted as follows: a 1% increase in carbon-emission intensity is
associated with a 1.61% increase in CFP. Conversely, a decline in T represents improved
technology-related emission efficiency and contributes to CFP reduction.

Affluence also has a positive effect on CFP, suggesting that economically developed
cities tend to generate higher carbon-emission pressure when the increase in economic
activity is not fully offset by improvements in emission efficiency or carbon-sink capacity.
Vegetation carbon sequestration and forest coverage have negative coefficients, which is
consistent with the conceptual definition of CFP as the ratio of anthropogenic carbon emis-
sions to vegetation carbon sequestration. Cities with stronger carbon-sink capacity can
absorb more carbon and therefore face lower CFP. Precipitation and temperature show
positive effects in the combined models. This may reflect the fact that favorable hydro-
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thermal conditions are often associated with more intensive socioeconomic activity in
many Chinese cities, although these natural factors may also influence vegetation produc-
tivity. Population density becomes statistically insignificant after socioeconomic and nat-
ural variables are jointly included, indicating that the effect of population concentration
may be mediated by economic activity, emission intensity, and ecological conditions.

Overall, the comparison of Models 1-4 supports the need to extend the STIRPAT
framework by incorporating natural factors. Model 3 and Model 4 have higher explana-
tory power than models using only socioeconomic or natural variables, indicating that
CFP is jointly shaped by human activities and ecological endowments.

Table 1. Comparison of results from the four linear regression models.

M1 M2 M3 M4
Constant 22.484 %+ -0.643 16.650 *** 16.772 %%
(1.597) (0.822) (1.206) (1.047)
InT 1.613 *# 1.310 **+* 1.316 ***
(0.104) (0.074) (0.067)
InA 0.842 *** 0.821 *** 0.827 ***
(0.082) (0.075) (0.070)
InPd -0.097 ** -0.008
(0.043) (0.041)
InCs —0.475 *** ~0.354 %+ ~0.352 ***
(0.056) (0.039) (0.038)
InPre 0.142 0.335 *** 0.335 ***
(0.112) (0.081) (0.080)
InTem 0.597 *** 0.552 *** 0.558 ***
(0.113) (0.084) (0.078)
Forest ~0.038 *** ~0.030 *** -0.030 ***
(0.003) (0.002) (0.002)
R 0.597 0.577 0.818 0.818
Adj. R? 0.594 0.572 0.815 0.815

Notes: ** and *** represent the significance at 5%, and 1% levels, respectively. In the four models,
there is no obvious multicollinearity among the variables (see Table S2 in the Supplementary Mate-
rial). InT denotes the logarithm of carbon-emission intensity, measured as anthropogenic carbon
emissions per unit of real GDP. It is used as an inverse proxy for technology-related emission effi-
ciency. A higher value indicates lower emission efficiency, while a lower value indicates improved

emission efficiency.

We also conduct a spatial analysis of the regression residuals, which exhibit a Moran
index of 0.097, significant at the 1% level (Figure S2). This suggests that spatial depend-
ence remains in the linear regression results and that spatial econometric models are
needed for further analysis of CFP drivers and spillover effects.

3.3. Further Driver Analysis Combined the Extended IPAT Equation and Spatial Econometrics

To investigate the drivers of CFP spatial patterns, the extended STIRPAT equation
and spatial econometric models are integrated in this study (Table 2). We first conducted
an LM test on the spatial econometric models (Table S3), but the test results did not clearly
determine the most appropriate model among SEM, SLM, and SDM. We then examined
the spatial autocorrelation of the dependent variable and identified spatial interaction ef-
fects (Table S4 and Figure S3). Therefore, maximum likelihood estimation was used to fit
the three spatial econometric models. Given the importance of the spatial weight matrix
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in spatial econometrics, an inverse geographic distance matrix and a first-order adjacency
matrix were constructed for comparison.

Across the spatial econometric specifications, carbon-emission intensity and afflu-
ence generally have positive effects on CFP, while vegetation carbon sequestration and
forest coverage generally have negative effects. These results are consistent with the the-
oretical structure of CFP, which is jointly shaped by anthropogenic carbon-emission pres-
sure and vegetation carbon-sink capacity. The significant spatial lag terms of CFP in the
SLM and SDM further indicate that the CFP level of neighboring cities is associated with
local CFP. Under the first-order adjacency matrix, a 1% increase in neighboring cities” CFP
is associated with at least a 0.3% increase in local CFP. This result supports the need to
consider spatial dependence when analyzing the drivers of CFP. Table 2 reports the esti-
mation results of SEM, SLM, and SDM under two spatial weight matrices. The results
indicate that spatial dependence is an important feature of city-scale CFP. In the SEM, the
significant spatial error terms suggest that unobserved factors affecting CFP are spatially
correlated. In the SLM, the significant spatial lag terms of CFP indicate that the CFP level
of neighboring cities is associated with local CFP. In the SDM, several spatially lagged
explanatory variables are statistically significant, suggesting that the drivers of CFP may
also operate through spatial spillover channels.

However, the model fit statistics do not uniformly indicate that one model dominates
the others under all criteria. For example, under the inverse geographic distance matrix,
SEM has a higher log-likelihood than SDM, whereas SDM has a higher Pseudo R2. There-
fore, we do not claim that SDM uniformly outperforms SEM and SLM. Instead, SEM, SLM,
and SDM are treated as complementary spatial econometric specifications [46]. The SDM
is further used for effect decomposition because it is a more general specification that in-
cludes both the spatial lag of the dependent variable and the spatial lags of explanatory
variables. This makes it suitable for estimating direct and indirect effects, which are cen-
tral to evaluating inter-city spillover mechanisms.

Table 2. Comparison of the estimation results of SEM, SLM and SDM.

Inverse Geographic Distance Matrix First-Order Adjacency Matrix
SEM SLM SDM SEM SLM SDM
Constant 18.033 *** 16.605 *** 18.632 *** 16.985 *** 15.945 *** 14.601 ***
(1.159) (1.009) (1.237) (1.154) (1.063) (1.237)
InT 1.242 *** 1.264 *** 1.195 *** 1.293 *** 1.198 *** 1.207 ***
(0.06) (0.060) (0.062) (0.060) (0.064) (0.062)
InA 0.621 *** 0.717 *** 0.693 *** 0.753 *** 0.724 *** 0.705 ***
(0.07) (0.062) (0.072) (0.074) (0.067) (0.072)
InPd 0.025 0.073 *** 0.058 * 0.026 0.062 ** 0.031
(0.029) (0.026) (0.031) (0.029) (0.029) (0.031)
InCs —0.309 *** —0.367 *** —0.369 *** —0.308 *** —0.306 *** —0.372 ***
(0.036) (0.034) (0.038) (0.042) (0.036) (0.038)
InPre 0.010 0.267 *** -0.162 0.247 *** 0.251 *** 0.4271 ***
(0.086) (0.069) (0.109) (0.093) (0.073) (0.109)
InTem 0.503 *** 0.612 *** 0.453 *** 0.519 *** 0.481 *** 0.392 ***
(0.080) (0.070) (0.091) (0.090) (0.075) (0.091)
Forest —0.030 *** —0.022 *** —0.025 *** —0.031 *** —0.024 *** —0.034 ***
(0.002) (0.002) (0.003) (0.003) (0.002) (0.003)
Weu 3.473 *** 0.755 ***
(0.188) (0.059)
W*CFP 0.949 *** 0.930 *** 0.300 *** 0.600 ***
(0.048) (0.069) (0.045) (0.069)
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W* InT 0.496 ~0.283 ***
(0.430) (0.430)
W¥ InA 1.453 * -0.243 *
(0.686) (0.686)
W* InPd -0.407 * 0.077
(0.235) (0.235)
W*InCs 1.508 0.110
(0.429) (0.429)
WHInPre 0.555 ~0.501 ***
(0.879) (0.879)
W*InTem 0.465 -0.128
(1.065) (1.065)
WrForest 0.045 ** 0.030 ***
(0.020) (0.020)
Pseudo R 0.828 0.858 0.880 0.840 0.838 0.825
Wald test 1744.45 ** 2877.97 *** 3022.92 *** 1246.28 *** 2088.44 *** 2738.41 ***
Log-likelihood -315.287 -339.817 -321.561 -330.553 -357.805 -337.075

Notes: *, **, and *** represent the significance at 10%, 5%, and 1% levels, respectively. InT denotes
the logarithm of carbon-emission intensity, measured as anthropogenic carbon emissions per unit
of real GDP. It is used as an inverse proxy for technology-related emission efficiency. A higher value

indicates lower emission efficiency, while a lower value indicates improved emission efficiency.

Although SEM and SLM provide useful evidence on spatial error dependence and
spatial dependence in the dependent variable, they cannot fully decompose how explan-
atory variables in neighboring cities influence local CFP. Therefore, the SDM results are
further decomposed into direct and indirect effects (Table 3). The direct effects capture the
influence of local explanatory variables on local CFP, while the indirect effects capture the
influence of neighboring cities” explanatory variables on local CFP.

Under the inverse geographic distance matrix, carbon-emission intensity, affluence,
vegetation carbon sequestration, temperature, and forest coverage have significant direct
effects on local CFP, but their indirect effects are not statistically significant. Under the
first-order adjacency matrix, most local factors significantly influence local CFP, and the
indirect effect of carbon-emission intensity is significant at the 1% level. This means that
higher carbon-emission intensity in neighboring cities is associated with higher CFP in the
local city. Conversely, a reduction in neighboring cities’ carbon-emission intensity, which
reflects improved technology-related emission efficiency, can reduce local CFP by at least
0.8%. This result provides empirical evidence for technology-related spatial spillovers.

The theoretical intuition behind this result is that neighboring cities are often con-
nected through industrial chains, labor mobility, infrastructure networks, policy learning,
and technology diffusion. Improvements in emission efficiency in one city may therefore
influence surrounding cities by promoting cleaner production standards, accelerating
low-carbon technology adoption, and encouraging coordinated regional governance. The
significance of the first-order adjacency matrix also suggests that such spillovers are more
likely to occur among geographically contiguous cities, where economic and policy inter-
actions are stronger. Additionally, the indirect effects of precipitation and the proportion
of forest land are significant at the 10% and 5% levels, respectively, demonstrating the
spatial agglomeration of these factors (Figure S3).
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Table 3. The direct effect and indirect effect of SDM.

Inverse Geographic Distance Matrix First-Order Adjacency Matrix
Direct Effect Indirect Effect Direct Effect Indirect Effect
InT 1.259 *** 20.122 1.250 *** 0.812 ***
(0.094) (21.071) (0.066) (0.246)
InA 0.778 *** 26.270 0.726 *** 0.336
(0.103) (26.648) (0.076) (0.211)
InPd 0.044 -4.420 0.041 0.176 *
(0.033) (4.839) (0.032) (0.102)
InCs —0.322 *** 14.832 —0.385 *** -0.211
(0.059) (14.982) (0.047) (0.142)
InPre -0.146 5.066 0.392 *** -0.461 %
(0.106) (11.35) (0.098) (0.259)
InTem 0.489 *** 11.101 0.404 *** 0.199
(0.084) (16.466) (0.098) (0.246)
Forest -0.024 *** 0.269 -0.032 *** 0.018 **
(0.003) (0.361) (0.003) (0.008)

Notes: *, **, and *** represent the significance at 10%, 5%, and 1% levels, respectively. denotes the
logarithm of carbon-emission intensity, measured as anthropogenic carbon emissions per unit of
real GDP. It is used as an inverse proxy for technology-related emission efficiency. A higher value

indicates lower emission efficiency, while a lower value indicates improved emission efficiency.

4. Discussion and Policy Implications

This study explained the spatial pattern of CFP and its drivers. It compensated for
previous studies” neglect of this pattern, revealed the role and contribution of natural ele-
ments, and clarified the key influence of spatial effects on CFP distribution.

The empirical findings can be interpreted through the coupled structure of CFP. CFP
increases when anthropogenic carbon emissions rise faster than vegetation carbon seques-
tration, and it decreases when emission pressure is reduced or carbon-sink capacity is en-
hanced. Carbon-emission intensity has the strongest positive effect because it directly re-
flects the amount of carbon emitted per unit of economic output. Affluence also increases
CFP because higher economic output is often associated with greater energy consumption,
infrastructure construction, and consumption-related emissions. However, these effects
can be moderated by improvements in emission efficiency and ecosystem carbon-sink ca-
pacity.

Vegetation carbon sequestration and forest coverage reduce CFP because they
strengthen the ability of urban ecosystems to absorb carbon. This finding supports the
view that ecological restoration and forest protection are important complements to emis-
sion reduction. The spatial spillover results further show that CFP is not only locally gen-
erated but also regionally connected. Neighboring cities may influence each other through
technology diffusion, industrial transfer, policy imitation, and shared ecological condi-
tions. This provides the theoretical basis for regional collaborative governance.

Higher CFP primarily occurs in metropolitan areas in northern and eastern China,
consistent with prior research [13]. Due to their high levels of economic development and
urbanization, these locations are major economic and population clusters in China and
also hotspots for carbon emissions [47]. We investigated the evolution trend of the spatial
pattern of CFP and discovered that the mean center of the spatial standard deviation el-
lipse shifts from northwest to southeast (Figure 1c), contradicting the findings of the car-
bon emissions research [48]. This may be linked to significant environmental construction
efforts in northwest China [49,50]. Our subsequent regression study supported this, show-
ing that locations with more forest cover had lower CFP (Tables 1 and 2). The spatial trans-
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fer of CFP indicates that the main focus of China’s response to climate change remains in
economically developed areas in the east. On the one hand, these areas should bear greater
responsibility for emission reduction [51] due to their high carbon emissions; on the other
hand, their favorable hydrothermal conditions enhance the potential for vegetation car-
bon sequestration [52].

The extended STIRPAT model incorporating natural components can better describe
the spatial pattern of CFP. Previous research has mainly concentrated on the role of soci-
oeconomic variables in CFP [19] but often disregarded natural elements that directly or
indirectly affect both anthropogenic carbon emissions and vegetation carbon sequestra-
tion [53]. According to our results, cities with high carbon-emission intensity and high
affluence tend to exhibit relatively high CFP. This finding suggests that economic growth
alone does not necessarily reduce carbon pressure unless it is accompanied by improve-
ments in emission efficiency and carbon-sink protection. Moreover, we found that regions
with favorable hydrothermal conditions tend to have greater CFP, likely because such
conditions are also associated with more intensive socioeconomic activity and urban de-
velopment in many Chinese cities [54]. In contrast, the effect of population density be-
comes relatively weak after socioeconomic and natural variables are jointly considered.
This suggests that CFP is not driven simply by population concentration but by the com-
bined effects of economic activity, emission intensity, and ecological endowments.

Responding to the lack of focus on spatial dependence in earlier research, we utilized
spatial econometric models based on the extended STIRPAT framework to investigate the
mechanisms associated with CFP. Our findings reveal considerable spatial spillover ef-
fects of CFP, implying that responses to carbon-emission pressure should emphasize in-
terregional coordination [55]. Further examination shows that the direct and indirect im-
pacts of explanatory factors vary under the two spatial weight matrices. Under the first-
order adjacency matrix, carbon-emission intensity has both strong direct and indirect ef-
fects on CFP. This implies that reducing CFP in a local city depends not only on its own
emission-efficiency improvement but also on the carbon-emission intensity of neighbor-
ing cities. In geographically contiguous areas, low-carbon technology diffusion, coordi-
nated industrial upgrading, and policy learning may help reduce regional carbon-emis-
sion pressure. Precipitation and forest coverage also exhibit indirect effects under the first-
order adjacency matrix, indicating that contiguous places often share similar ecological
and climatic conditions. Conversely, the statistical insignificance of several indirect envi-
ronmental effects under the inverse geographic distance matrix underscores the im-
portance of considering regional resource endowments and spatial proximity when for-
mulating responses to CFP [56].

Technical innovation [57] and ecological development [58] are important drivers of
CFP mitigation. However, regions with high CFP are often highly urbanized and econom-
ically developed [59], where further improvements in carbon-emission efficiency may be-
come more difficult and land available for green-space expansion may be constrained [60].
As aresult, reducing CFP requires an integrated strategy rather than isolated local action.
Authorities should promote inter-regional collaborative development by leveraging emis-
sion-efficiency improvements, ecological restoration, and coordinated industrial policies
in nearby regions. This strategy can reduce the pressure of local anthropogenic carbon
emissions on vegetation carbon sequestration. Simultaneously, ensuring fairness requires
the development and improvement of carbon trading markets, which can help reduce the
burden on regions overloaded with CFP through virtual trade and interregional compen-
sation mechanisms. Such approaches may also promote inter-regional income equality
and help avoid environmentally damaging industrialization pathways.

Several limitations should be acknowledged when interpreting the findings of this
study. First, CFP was calculated using multi-source gridded datasets, including carbon-
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emission, vegetation carbon sequestration, socioeconomic, land-use, and meteorological
data. Although these datasets are widely used in urban-scale environmental studies, un-
certainties may remain due to spatial resolution, data harmonization, and cross-source
consistency. Second, this study focuses on Chinese cities during 2000-2019. Therefore, the
findings should be interpreted primarily within the context of China’s urbanization pro-
cess, ecological restoration policies, and regional development patterns. Extrapolating the
conclusions to other countries or global urban systems requires caution because urban
development stages, industrial structures, ecological conditions, and governance systems
may differ substantially. Third, the driver analysis is based on cross-sectional data for 2019.
Although this year provides a consistent pre-COVID-19 baseline, the results should be
interpreted as cross-sectional associations rather than long-term dynamic causal relation-
ships. Future research could further employ panel spatial econometric models or causal
identification strategies to examine the temporal dynamics and causal mechanisms of CFP
drivers.

5. Conclusions

This study investigates the spatial patterns, driving factors, and spatial spillover ef-
fects of CFP across Chinese cities. The spatial pattern analysis covers the period from 2000
to 2019, while the driver analysis and spatial econometric analysis are conducted using
cross-sectional data for 2019. By integrating spatial pattern analysis, an extended STIRPAT
model, and spatial econometric models, this study provides evidence that CFP mitigation
should be understood not only as a local urban issue but also as a regional collaborative
governance challenge.

The empirical findings respond directly to the research hypotheses proposed in the
Introduction. First, CFP in Chinese cities exhibits clear spatial agglomeration and direc-
tional evolution. High CFP values are mainly concentrated in major metropolitan areas
and economically developed regions, while low CFP values are more frequently observed
in areas with relatively stronger vegetation carbon-sink capacity. The standard deviation
ellipse analysis further shows that the mean center of CFP shifted from northwest to
southeast during the study period, indicating a spatial redistribution of carbon-emission
pressure on vegetation carbon sequestration. The significant Moran’s I and local spatial
clustering results confirm that CFP is not randomly distributed across cities but instead
shows statistically significant spatial dependence.

Second, the results show that the extended STIRPAT model incorporating both soci-
oeconomic and natural factors provides stronger explanatory power for inter-city CFP
differences than models using only one group of variables. Carbon-emission intensity is
identified as the most important factor affecting CFP, followed by affluence. Vegetation
carbon sequestration, precipitation, temperature, and forest coverage also play important
roles in shaping CFP distribution. These findings indicate that CFP is jointly determined
by human activities and ecological conditions. Therefore, mitigation strategies should not
focus only on reducing anthropogenic carbon emissions but should also consider the pro-
tection and enhancement of vegetation carbon sinks.

Third, the spatial econometric results reveal significant spatial spillover effects of CFP
and its drivers. In particular, the indirect effect of carbon-emission intensity is statistically
significant, suggesting that reductions in neighboring cities’ carbon-emission intensity,
which reflect improvements in technology-related emission efficiency, can contribute to
reducing local CFP. This finding highlights the importance of inter-city cooperation, tech-
nology diffusion, and regional coordination in CFP mitigation. The results suggest that
isolated city-level policies may be insufficient, especially in highly connected urban ag-
glomerations where emissions, industrial activities, population movement, and ecological
impacts extend beyond administrative boundaries.
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The practical implications of this study are relevant to several stakeholder groups.
For national policymakers, the findings suggest that CFP mitigation should be incorpo-
rated into regional climate governance frameworks, rather than relying only on individual
city-level emission-reduction targets. Differentiated responsibilities should be designed
according to regional development stages, carbon-emission intensity, and vegetation car-
bon-sink capacity. For municipal governments, the results emphasize the need to improve
carbon-emission efficiency, protect ecological land, enhance urban vegetation carbon
sinks, and coordinate mitigation policies with neighboring cities. For regional planning
authorities, the evidence of spatial spillover effects supports the establishment of collabo-
rative governance mechanisms across metropolitan areas and urban agglomerations. For
enterprises and industrial parks, the results indicate that low-carbon technology diffusion,
cleaner production, and coordinated industrial upgrading can generate benefits beyond
local administrative boundaries. For researchers, this study demonstrates the value of
combining CFP accounting, extended STIRPAT modeling, and spatial econometric anal-
ysis to examine the coupled socioeconomic—ecological mechanisms behind urban carbon
pressure.

Overall, this study shows that reducing CFP requires an integrated approach that
combines local emission reduction, ecological carbon-sink protection, technological im-
provement, and regional collaboration. Strengthening cross-city cooperation can reduce
the pressure of anthropogenic carbon emissions on vegetation carbon sequestration and
contribute to China’s dual carbon targets and broader sustainable development goals.
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