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Abstract

Achieving carbon peaking and neutrality is critical for global sustainability efforts and
addressing climate change, yet improving land use carbon emission efficiency (LUCE)
remains a challenge, especially in resource-dependent regions like Shanxi Province. Exist-
ing studies often overlook the spatial heterogeneity of LUCE and the mechanisms behind
its driving factors. This study assesses LUCE disparities and explores low-carbon land
use pathways in Shanxi to support its sustainable transition. Based on county-level land
use data from 1990 to 2022, carbon emissions were estimated, and LUCE was measured
using a three-stage super-efficient SBM-DEA model, with stochastic frontier analysis (SFA)
to control for external noise. eXtreme Gradient Boosting (XGBoost) with SHAP values
was used to identify key socio-economic and environmental drivers. The results show
the following: (1) emissions rose 2.46-fold, mainly due to expanding construction land
and shrinking cultivated land, with hotspots in Taiyuan, Jinzhong, and Linfen; (2) LUCE
improved due to gains in technical and scale efficiency, while pure technical efficiency
stayed stable; (3) urbanization and government intervention promoted LUCE, whereas
higher per capita GDP constrained it; and (4) population density, economic growth, urban-
ization, and green technology were the dominant, interacting drivers of land use carbon
emissions. This study integrates LUCE assessment with interpretable machine learning,
demonstrating a framework that links efficiency evaluation with driver analysis. The
findings provide critical insights for formulating regionally adaptive low-carbon land use
policies, which are essential for achieving ecological sustainability and supporting the
sustainable development of resource-based regions.

Keywords: sustainability; land use change; carbon emissions; carbon emission efficiency;
three-stage sbm-dea model; xgboost-shap regression

1. Introduction
Anthropogenic greenhouse gas emissions have been identified as the principal driver

of global climate change, posing unprecedented challenges to sustainable development [1].
Among them, carbon emissions are not only the dominant contributor to the greenhouse
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effect but also a vital indicator for assessing climate impacts [2]. China’s updated Na-
tionally Determined Contributions (NDCs), unveiled at the 75th UN General Assembly,
established a phased decarbonization roadmap: achieving carbon peaking by 2030 and
carbon neutrality by 2060 through robust policy frameworks [3]. This dual carbon agenda
has been institutionalized as a core national strategy under the 14th Five-Year Plan, with
detailed implementation mechanisms specified in its energy transition clauses [4]. The
20th CPC National Congress further operationalized this vision through systemic carbon
peaking initiatives and a paradigm shift in regulatory focus [5], transitioning from dual
energy consumption controls to a dual carbon governance system [6].

The IPCC Special Report on Climate Change and Land (SRCCL) identifies terrestrial
ecosystems as pivotal climate regulators and reveals that 23% of global greenhouse gas
emissions originate from agricultural production, forestry operations, and land use prac-
tices [7]. Simultaneously, natural terrestrial carbon sinks currently absorb atmospheric CO2.
volumes equivalent to 33% of annual industrial and fossil fuel emissions. This dual func-
tionality makes sustainable land management a key climate mitigation tool and an essential
part of carbon neutrality goals in China [8]. Recent studies demonstrate that systematic
optimization of land use configurations, particularly through spatial planning innovations
combined with energy mix transitions and industrial structure modernization, constitutes
a primary driver for unlocking emission reduction capacities [9,10]. Such integrated ap-
proaches have consequently emerged as focal points in global climate governance discourse,
recognized as foundational methodologies for accelerating decarbonization processes.

Accelerated urbanization and industrial expansion have driven construction land
growth beyond regional ecological thresholds in multiple areas [11], significantly com-
promising localized environmental rehabilitation efforts aimed at achieving ecological
equilibrium [12]. To address this challenge, Shanxi provincial authorities implemented
the Ecological Province Construction Plan (2021–2030) in 2022. This policy framework
integrates three core mechanisms: (1) systematic optimization of territorial spatial configu-
rations, (2) strategic upgrading of industrial structures, and (3) phased transition of energy
infrastructure, all guided by ecological civilization principles. This context underscores
the urgent need for empirical analysis of land use-related carbon emission dynamics and
their driving factors in Shanxi Province. Such research holds immediate relevance for the
region’s sustainable transition while advancing theoretical foundations for low-carbon
spatial governance [13].

IPCC assessments and empirical studies consistently demonstrate that land use al-
terations significantly influence carbon cycle dynamics [14,15]. Poorly structured land
systems destabilize ecosystem carbon source–sink equilibrium through diminished soil car-
bon stocks and weakened vegetation sequestration efficiency [16,17]. Recent LUCE research
advances span five domains: emission quantification methodologies [18,19], spatiotempo-
ral evolution analysis [20], driver factors identification [21], carbon sink modeling [22,23],
and sustainable land management frameworks [24]. Liu et al. [25] further establish that
ecosystem carbon emission responses to land use transitions are contingent on synergistic
interactions between environmental variables and land use pattern dynamics. These find-
ings necessitate high-resolution, long-term, and national-scale mapping of land use change
typologies to ensure accurate carbon accounting.

Researchers widely use nonparametric methods like DEA to assess LUCE [26,27].
Conventional DEA models, however, neglect key parameters such as radial direction and
angle selection. This oversight causes measurement inaccuracies due to slack variable
limitations. The SBM model with undesirable outputs addresses these flaws, enhancing
accuracy in estimating total factor productivity (TFP) for LUCE studies [28]. The super-
efficiency SBM-DEA further improves discrimination among efficient decision-making
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units. Despite these improvements, traditional DEA and SBM models still struggle to incor-
porate stochastic errors and environmental heterogeneity, leading to mismatches between
theoretical models and empirical data [29]. The three-stage DEA framework developed
by Fried [30] resolves this by isolating external environmental factors and random distur-
bances. For example, Yang et al. [31] applied this framework in the Yangtze River Economic
Belt, achieving precise LUCE evaluations. These methodological innovations establish a
theoretical foundation for implementing the three-stage SBM-DEA model in this study.

This study advances land use carbon emission analysis by integrating a three-stage
super-efficient SBM-DEA model and interpretable machine learning techniques (XGBoost
and SHAP) at the prefecture level. The SBM-DEA model enhances LUCE evaluation by
addressing environmental heterogeneity and stochastic noise, overcoming limitations of
conventional efficiency assessments. Meanwhile, machine learning identifies key socio-
economic and environmental drivers of carbon emissions and reveals their complex nonlin-
ear interactions. Focusing on Shanxi Province, a resource-dependent region experiencing
rapid land use change, this integrated framework provides novel, spatially explicit insights
to support regionally adaptive low-carbon land use policies aligned with regional dual
carbon goals.

2. Methods
2.1. Study Area

Shanxi Province, located on the eastern Loess Plateau of China, covers 156,700 km2,
with terrain dominated by mountains and hills. Elevation gradually decreases from north-
east to southwest. As of 2023, the province had a permanent population of 34.66 million
and a regional GDP of RMB 2.57 trillion. Characterized by a temperate continental mon-
soon climate, Shanxi experiences an average annual temperature of 10.7 °C and receives
479.5 mm of precipitation. A major coal producer with over 120 commercially exploited
mineral resources, Shanxi has faced significant decarbonization challenges since becoming a
national carbon-peaking pilot province in 2023. These geographic and economic conditions
intensify land use carbon emissions, creating critical obstacles to achieving regional and
national climate targets. Consequently, analyzing land use carbon dynamics in this region
holds urgent scientific and policy relevance. The study area is shown in Figure 1.

Figure 1. Study area: Shanxi Province in China. Note: The base map was sourced from the Standard
Map (Approval No. GS (2019) 1822) [32], provided by the Ministry of Natural Resources of China,
with no modifications to the original cartographic content.
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2.2. Data

The study utilized multi-source geospatial and socio-economic datasets. Land use
data spanning 1990–2022 with 30 m spatial resolution was obtained from the Wuhan Uni-
versity Geospatial Dataset (https://zenodo.org). Vegetation dynamics were characterized
using 1 km-resolution NDVI data from the Resource and Environmental Science Data
Center (https://resdc.cn). Municipal statistical yearbooks provided urbanization rates
and GDP metrics, while climate variables (temperature/precipitation) were acquired from
the National Earth System Science Data Center (https://geodata.cn). Green technology
innovation indicators were derived from patent records curated by the Chinese National
Intellectual Property Administration (https://cnipa.gov.cn).

2.3. Research Methodology

This study pursues two primary objectives: systematically quantifying land use
carbon emissions across all 117 county-level administrative units in Shanxi Province, and
evaluating land use carbon emission efficiency (LUCE) through efficiency metrics. Based
on the empirical results, region-specific mitigation strategies are proposed to support
sustainable land governance. The integrated methodological framework, comprising data
processing, efficiency evaluation, and policy recommendation modules, is presented in
Figure 2.

Figure 2. Technical route diagram.

2.3.1. Dynamic Changes in Land Use Types

Land use dynamics are driven by multiple factors, such as regional economic develop-
ment, population growth, policy shifts, and environmental changes. These dynamics are
typically quantified by assessing the net changes across different land use categories. The
dynamic degree of a specific land use type is primarily reflected by its area change during
the study period and is calculated using the following formula:

Yc =
Wb − Wa

Wa
× 1

T
× 100% (1)

LC =

[
∑n

i=1 ∆LUi

2 ∑n
i=1 LUi

]
× 1

T
× 100% (2)

where Yc represents the dynamic degree of a specific land use type; Wa denotes the initial
area of the land use type; Wb indicates its terminal area; T signifies the study period
duration; LC corresponds to the comprehensive dynamic degree of land use types; LUi

refers to the initial area of the i-th land use category, and ∆LUi designates the total area
converted from land use type i to non-i categories during the study period.

https://zenodo.org
https://resdc.cn
https://geodata.cn
https://cnipa.gov.cn
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Land use transition matrices systematically quantify inter-category conversions
through time-series comparisons, with the formal calculation shown in Equation (3):

lij =


l11 l12 · · · l1n

l21 l22 · · · l2n
...

...
. . .

...
ln1 ln2 · · · lnn

 (3)

where lij represents the total area converted from category i to category j during a specified
period, and n denotes the total number of land use categories.

2.3.2. Estimation of Land Use Carbon Emissions

Shanxi Province comprises 117 county-level administrative units, where long-term,
high-resolution energy and agricultural statistics at the county scale are limited. Therefore,
we employed the widely used emission-coefficient (emission-factor) approach to estimate
land use carbon sources and sinks. Baseline land-type emission coefficients were taken
from established national studies [33] and then locally recalibrated to reflect Shanxi’s
specific socio-ecological and management conditions, following the regional adaptation
methodology demonstrated in Yuan et al. [34].

This recalibration was based on province-specific parameters and their ratios to na-
tional averages. For construction land, our recalibrated energy consumption parameter and
the resulting high-emission coefficient are consistent in magnitude with the provincial-scale
building carbon emission (BCE) intensities recently reported for China by Xie et al. [35],
lending strong external validity to our estimate. The complete calibration scheme, in-
cluding the specific parameters used, the calculated adjustment factors, and the resulting
magnitude of adjustment for each land use type, is systematically presented in Table 1.

Table 1. Carbon emission coefficient recalibration scheme for Shanxi Province.

Land Type Calibration
Parameter Shanxi Value National Value [33] Adjustment Factor Magnitude

Cultivated Land Chemical Fertilizer
Application 100 kg·ha−1 85 kg·ha−1 α ≈ 1.18 +18%

Construction Land
Energy

Consumption per
Unit GDP

0.5 tce·10 k CNY−1 0.4 tce·10 k CNY−1 β = 1.25 +25%

Forest Land Net Primary
Productivity (NPP) 200 kg·ha−1 227 kg·ha−1 γf ≈ 0.88 −12%

Grassland Net Primary
Productivity (NPP) 150 kg·ha−1 176 kg·ha−1 γg ≈ 0.85 −15%

Note: The recalibrated coefficient for construction land is validated against the provincial-scale building carbon
emission (BCE) findings in [35].

This hybrid approach—combining baseline factors with province-level recalibration—
has been widely applied in regional LUCC studies to reduce bias introduced by spatial
heterogeneity [36]. The tabular presentation of the calibration process ensures full trans-
parency and reproducibility of our methodology. Accurate determination of these category-
specific emission factors forms the critical methodological foundation for this analysis.
This approach has also been commonly employed in studies of similar inland regions,
where water bodies were excluded or maintained consistent with baseline values due to
data limitations and their comparatively minor role in terrestrial carbon dynamics. For
instance, Zhang et al. [37] excluded water bodies when assessing carbon balance changes
in terrestrial ecosystems of the Southern United States. Similarly, Tang et al. [38] focused on
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major vegetated land types (forests, shrublands, grasslands, and cultivated) in compiling
China’s terrestrial carbon pools, while giving less emphasis to wetlands and water areas.
Therefore, in this study, no recalibration was applied to water bodies.

Cultivated land acts as both a carbon source and sink. Emissions arise from soil organic
decomposition, fertilizer use, and crop residue management, while carbon sinks occur via
biomass growth and soil carbon storage. Forests and grasslands function primarily as net
carbon sinks due to continuous CO2 absorption and vegetation–soil carbon retention. Water
bodies show variable carbon cycling, classified here as carbon sinks following established
regional studies and IPCC guidelines [39]. Unused land serves as a stable sink with minimal
emissions. Construction land remains a dominant carbon source from energy-intensive
development. This study categorizes high-emission types (construction and cultivated
land) as sources and sequestering ecosystems (forest, grassland, water bodies, and unused
land) as sinks within the analytical framework, in line with classifications widely adopted
in regional land carbon assessments [35,40].

To ensure analytical consistency, the final recalibrated carbon emission coefficients
applied in this study are summarized in Table 2. In this framework, positive values
represent carbon emissions, while negative values indicate carbon sinks.

Table 2. Carbon emission coefficients for land use types in Shanxi Province.

Type Cultivated Forest Grassland Water Unused Construction

Value
(t · ha−1 · a−1) 0.422 −0.644 −0.021 −0.253 0.005 42.970

Based on these parameters, a carbon emission estimation model was constructed to
evaluate land use patterns in Shanxi Province:

Ei = Vi × Li, i = 1, 2, . . . , 6 (4)

where Ei represents the carbon emissions (or absorption) generated by the i-th land use
type; Vi denotes the recalibrated carbon emission coefficient for the i-th land use type; and
Li corresponds to the area of the i-th land use type.

2.4. Spatial Autocorrelation Analysis

To assess the spatial clustering patterns of the estimated carbon storage, this research
employed spatial autocorrelation analysis. The global Moran’s Index was applied to
evaluate the overall degree of spatial aggregation or dispersion, as described by Equation (5).
Subsequently, the local Moran’s Index was used to identify specific locations of significant
clusters or spatial outliers, as shown in Equation (6).

I =
n
S0

×
∑n

i=1 ∑n
j=1 wij(yi − ȳ)(yj − ȳ)

∑n
i=1(yi − ȳ)2 (5)

where I represents the global Moran’s Index, with values spanning the interval [−1, 1].
Values trending toward 1 indicate positive spatial autocorrelation, whereas values ap-
proaching −1 signify negative spatial autocorrelation. Values approximating 0 reflect a
random spatial distribution.

Ii =
(yi − ȳ)

S2

n

∑
j=1

wij(yj − ȳ) (6)
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where Ii represents the local Moran’s Index for a specific area i. The variance of carbon
storage across areas is denoted by S2. ȳ represents the mean carbon storage across all areas;
yi and yj represent the carbon storage of area i and j; wij denotes the spatial weighting
coefficient between areas i and j.

2.4.1. Estimation of Land Use Carbon Emissions Efficiency

The three-stage DEA model is widely applied to assess carbon emission efficiency
by isolating environmental heterogeneity, yet conventional methods frequently overlook
undesirable outputs like carbon emissions. To bridge this gap, a non-radial, non-oriented
three-stage DEA framework integrating undesirable outputs is introduced. This framework
employs slack variables to quantify inefficiencies (e.g., input redundancies and exces-
sive emissions), enabling targeted efficiency adjustments. Super-efficiency decomposition
further enhances discrimination among efficient DMUs while controlling external environ-
mental factors, thereby improving the accuracy of LUCE efficiency evaluations. To achieve
this objective and to ensure the comparability of efficiency scores over the long-term study
period, a global reference set was adopted by pooling all DMUs from all four years (1990,
2000, 2010, and 2022) to construct a single meta-frontier. This approach provides a constant
benchmark against which the temporal evolution of efficiency can be accurately measured.

1. Stage 1: Preliminary calculation of carbon emission efficiency values
For 11 cities (1990–2022) in Shanxi Province, the conventional DEA is replaced with
a super-efficiency SBM model to better align with regional characteristics. Unlike
radial DEA approaches that require proportional input-output adjustments, the SBM
framework directly optimizes slack variables to quantify resource inefficiencies. The
mathematical formulation of Stage 1 is detailed below:

min
1 − 1

m ∑m
i=1

s−i
xik

1 + 1
S1+S2

(
∑S1

r=1
sg

r
yg

rk
+ ∑S2

r=1
sb

r
yb

rk

)

s.t.


xj = Xλ + s−

yg
j = Ygλ − sg

yb
j = Ybλ + sb

s− ≥ 0, sg ≥ 0, sb ≥ 0, λ ≥ 0

(7)

Here, s− ∈ Rm and sb ∈ RS2 denote the input slack variables and the undesirable
output slack variables, respectively, while sg ∈ RS1 represents the undesirable out-
put shortfall variables. The parameters m, S1, and S2 denote the number of input
variables, desirable output variables, and undesirable output variables, respectively.
For the j-th decision-making unit (DMU), (xj, yg

j , yb
j ) correspond to its input vector,

desirable output vector, and undesirable output vector, respectively, while (X, Yg, Yb)

represent the aggregate input, desirable output, and undesirable output values across
all DMUs. Assuming there are m DMUs, λ ∈ Rm indicates the weight coefficients for
efficiency computation.
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Due to the nonlinear complexity of Equation (7), it is reformulated into an equivalent
linear programming problem using mathematical manipulation. The linearized form
is mathematically expressed as follows:

min

(
t − 1

m

m

∑
i=1

S−
i

xik

)

s.t.



1 = t + 1
s1+s2

(
∑s1

r=1
sg

r
yg

rk
+ ∑s2

r=1
sb

r
yb

rk

)
xit = XΛ + S−

yg
k t = YgΛ − Sg

yb
kt = YbΛ + Sb

S− ≥ 0, Sg ≥ 0, Sb ≥ 0, Λ ≥ 0, t > 0

(8)

Let (λ∗, s−∗, sg∗, sb∗) and (Λ∗, t∗, s−∗, sg∗∗, sb∗∗) denote the solutions to Equations (7)
and (8), respectively. These solutions satisfy the following relationships, as shown in
Equation (9).

λ∗ = Λ∗/t∗, s−∗ = s−∗/t∗, sg∗ = sg∗/t∗, sb∗ = sb∗/t∗ (9)

By solving Equation (8), the solution to Equation (7) can be derived directly.
2. Stage 2: Adjustment of input variables

The super-efficiency SBM model is applied in the first stage to quantify input slack
variables, but it produces efficiency estimates influenced by environmental heterogene-
ity and statistical noise. To address this methodological constraint, an SFA framework
following Fried et al. (2002) was implemented using Frontier 4.1 software [30]. This
approach statistically decomposes observed slack variables into three components:
environmental factors, stochastic disturbances, and managerial inefficiencies. The de-
composition enables precise identification of dominant environmental and stochastic
influences. The SFA regression structure is mathematically defined as follows:

sij = f (Zj; βi) + vij + µij (i = 1, 2, . . . , I; j = 1, 2, . . . , J) (10)

Here, sij denotes the slack variable of the i-th input for the j-th DMU; Zj represents the
vector of environmental variables; β is the vector of coefficients to be estimated; f (Zj)

captures the influence of environmental variables on the slack variable sij, typically
specified as a linear functional form. vij captures stochastic noise, assumed to follow
a normal distribution with a mean of 0 and variance of σ2

v , i.e., vij ∼ N(0, σ2
v ); and

µij reflects management inefficiency, assumed to follow a half-normal distribution
µij ∼ N+(0, σ2

µ). The composite error term vij + µij assumes independence between
vj and µj, with no cross-correlation.
Environmental factors, stochastic noise, and managerial inefficiency were disentan-
gled. Managerial inefficiency was isolated using the conditional decomposition
method proposed by Luo et al. (2012) [41]:

E(µ|ε) = σ∗ ×
[

Φ
(
λ ε

σ

)
+ λ ε

σ

ψ
(
λ ε

σ

) ]
(11)

where

σ∗ =
σµσv

σ
, σ =

√
σ2

µ + σ2
v , λ =

σµ

σv
, ε = vij + µij, γ =

σ2
µ

σ2
µ + σ2

v
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σµ and σv denote the standard deviations of management inefficiency and stochastic
noise, respectively; Φ and ψ represent the probability density function and cumulative
distribution function of the standard normal distribution.
Using Equation (11), the mixed error and random disturbance terms can be separated
as follows:

E(vij|νij + µij) = Sij − f (Zj; βi)− E(µij|vij + µij) (12)

An SFA regression model was developed to eliminate environmental factors and
stochastic noise in efficiency evaluation, ensuring that all DMUs operate under identi-
cal external conditions.
Input variables were subsequently adjusted using Equation (13) after removing envi-
ronmental and random effects through Equation (12):

x∗ij = xij +
{

max
[

f (Zj; βi)
]
− f (Zj; βi)

}
+
[
max(vij)− vij

]
(13)

Here, x∗ij denotes the adjusted input, and xij represents the original input. The adjust-
ment has two components:
Environmental equalization: max

[
f (Zj; βi)

]
− f (Zj; βi) neutralizes disparities caused

by environmental heterogeneity, homogenizing external conditions across DMUs.
Stochastic noise normalization: max(vij)− vij calibrates inputs by penalizing DMUs
disproportionately affected by stochastic noise (increasing inputs for units with large
stochastic noise; decreasing them otherwise).
This dual adjustment ensures DMUs operate under environmental and stochastic
noise baselines, enabling fair efficiency comparisons.

3. Stage 3: Calculate the adjusted efficiency values
The adjusted efficiency values were measured using the super-efficiency SBM model.
This process removed environmental factors and random disturbances from DMU
efficiency assessments. The results reflect more authentic, effective efficiency under
homogeneous conditions. This adjustment ensures that the efficiency values are
determined solely by internal technological and managerial factors, enabling a fairer
comparison of actual efficiency across DMUs.

4. Robustness checks
To ensure the credibility of our findings, we conducted multiple robustness checks
addressing key methodological concerns and parameter uncertainties.
Water-body-neutral scenario: To test the core assumption of water bodies as a car-
bon sink—a primary source of uncertainty—a conservative sensitivity analysis was
conducted by setting their net carbon flux to zero (Vwater = 0). All other procedures
(Sections 2.3.2 and 2.4.1) remained unchanged. The high consistency in city efficiency
rankings between this and the baseline scenario (Spearman’s ρ > 0.8, p < 0.01;
see Results 3.4.5) confirms the robustness of the comparative conclusions. A neu-
trality scenario for water bodies is reported in the Results section and detailed in
Appendix A.
Model specification checks: To account for potential spatial dependence in the second-
stage SFA residuals, we employed a Spatial Error Model (SEM). The spatial weights
matrix W was constructed based on the Queen contiguity criterion, whereby two
geographical units are defined as neighbors if they share either a border or a vertex.
A first-order contiguity matrix was adopted, considering only direct neighbors. The
binary adjacency matrix (wij = 1 if i and j are neighbors; 0 otherwise) was row-
standardized so that each row sums to unity, ensuring comparability across units. The
SEM was then specified as

u = λWu + ε, (14)
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where u denotes the inefficiency residuals, λ the spatial autocorrelation coeffi-
cient, and ε the i.i.d. error term. An insignificant λ indicates negligible bias from
spatial autocorrelation.
Monte Carlo uncertainty analysis: To propagate uncertainty in land use emission
coefficients (Table 1), we performed a 1000-iteration simulation. Coefficients were
perturbed by ±30% (Ci,iter ∼ U(0.7 × Ci,base, 1.3 × Ci,base)), and the entire analytical
pipeline (Equation (4) AND SBM-DEA model) was rerun per iteration to quantify
uncertainty in final efficiency scores.

5. Selection of carbon emission efficiency evaluation indicators
The carbon emission efficiency evaluation system in this study is constructed based on
a classical economic production framework to ensure scientific validity, consistency,
and regional applicability. In this framework, three canonical factors of production—
capital, labor, and land—are specified as inputs [42]. Specifically, land use categories
directly participate in the socio-ecological production process: construction and cul-
tivated land are essential for economic output, while forest and grassland directly
contribute to carbon emissions and sinks. Environmental variables (e.g., urbanization
rate and industrial structure) influence production efficiency but are not themselves
consumed or transformed [30]. This classification aligns with established research on
LUCE [43–45].
DMUs and time horizon: The 11 prefecture-level cities in Shanxi Province were
selected as Decision-Making Units (DMUs) for this study, observed at four time
points: 1990, 2000, 2010, and 2022.
Economic and social indicators: Data on capital stock, labor force, and GDP were
collected from the Shanxi Statistical Yearbook and relevant prefecture-level yearbooks.
The capital stock was estimated using the perpetual inventory method (PIM) [46],
with a 9.6% annual depreciation rate, following standard methodology for estimating
provincial capital stock in China. This ensures consistency and comparability with
prior studies.
Land use data: Land use data were obtained from the multi-period China Land
Use/Cover Datasets (CNLUCC) with a 30 m resolution. Prefecture-level areas were
derived using zonal statistics in ArcGIS.
Land use carbon emissions: Carbon emissions were calculated by applying county-
level carbon source/sink coefficients [7,43] and then aggregating them to the prefec-
ture level.
Green Technology Progress Index (GTPI): GTPI was measured as the proportion of
green invention patents granted relative to total invention patents. Green patents
were identified according to the WIPO Green Inventory, and data were retrieved
from the China National Intellectual Property Administration (CNIPA). Complete
variable definitions, measurement units, data sources, and processing methods are
summarized in Table 3.
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Table 3. Evaluation indicators of carbon emission efficiency.

Category Specific Indicator Indicator Description Unit Data Source and
Processing

Input variables

Capital stock Fixed capital stock CNY 100 million

Calculated based on
the perpetual inventory
method; data from
Shanxi Statistical
Yearbook
and local statistical
yearbooks.

Labor force Year-end employed
population 10,000 persons

Statistical data from
Shanxi Statistical
Yearbook and local
statistical yearbooks.

Land

Carbon sources:
construction land,
cultivated land;
Carbon sinks: forest
land, grassland, water
bodies, unused land

ha

Land use classification
from the product of
Huang Xin’s team
(Wuhan University);
city-level areas clipped
in ArcGIS.

Output variables

Desirable output Regional gross
domestic product CNY 100 million

Data from Shanxi
Statistical Yearbook
and local statistical
yearbooks.

Undesirable output Total land use carbon
emissions 10,000 t

Derived by summing
county-level land use
carbon emissions
estimates.

Environment
variables

Urbanization rate
Proportion of urban
permanent residents to
total population

–

Data from Shanxi
Statistical Yearbook
and local statistical
yearbooks.

Economic development
level Per capita GDP CNY

Data from Shanxi
Statistical Yearbook
and local statistical
yearbooks.

Industrial structure
Share of secondary
industry value-added
in RGDP

–

Data from Shanxi
Statistical Yearbook
and local statistical
yearbooks.

Population density Total population
divided by urban area Persons/km2

Population data from
Shanxi Statistical
Yearbook; land area
derived from statistical
yearbooks.

Green technology
progress index

Proportion of green
patent grants to total
patents

–

Patent data from the
China National
Intellectual Property
Administration.

Government
intervention

Ratio of local fiscal
expenditure to RGDP –

Local fiscal expenditure
and GDP data from
Shanxi Statistical
Yearbook and local
statistical yearbooks.
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2.4.2. Machine Learning Framework for Driver Analysis

This section details the comprehensive framework employed to identify and interpret
the drivers of land use carbon emissions, encompassing indicator system construction,
machine learning modeling, robust validation, and spatial heterogeneity analysis.

1. Driver indicator framework and data preparation
A comprehensive driver analysis framework for land use carbon emissions was
constructed (Table 4), systematically covering five key dimensions: economic devel-
opment, technological innovation, land use patterns, human activities, and natural
conditions. The indicator selection followed a structured process emphasizing scien-
tific relevance, empirical support, and representativeness, guided by the established
literature [40].
All drivers were converted into uniformly resolved raster datasets in ArcGIS. To
construct the modeling dataset, 800 sample points were generated through stratified
random sampling to ensure representative coverage across diverse land use types and
spatial gradients. These samples formed the predictor-response dataset, with land use
carbon emissions as the dependent variable. Prior to modeling, all numerical features
were standardized via Z-score normalization to mitigate scale effects.

Table 4. Carbon emission driver indicator system.

Criterion Layer Indicator Layer Variable Definition Unit

Economic Development

UR Proportion of urban permanent residents to total
population –

RGDP Final output of productive activities by regional
units within a given period CNY 100 million

SIC Percentage of secondary industry in industrial
structure –

Technological Innovation GTPI Ratio of green patent grants to total patents –

Land Use Patterns NDVI Reflects surface vegetation coverage –

Human Activities
POPD Population per unit area Persons/km2

POPS Total permanent population 10,000 persons
HFD Degree of human modification to land surfaces –

Natural Environment P Annual average precipitation mm
T Annual average temperature °C

2. Machine learning modeling and interpretation
Model construction and optimization: To decipher the complex, nonlinear drivers of
land use carbon emissions, the XGBoost algorithm was selected for its proven capa-
bility in handling high-dimensional data and capturing intricate feature interactions.
The algorithm optimizes an objective function that balances prediction accuracy with
model complexity:

Obj =
T

∑
j=1

[
Gjωj +

1
2
(Hj + λ)ω2

j

]
+ γT (15)

Model hyperparameters were optimized using Bayesian optimization over 100 it-
erations, yielding a final configuration: n_estimators = 716, max_depth = 5,
learning_rate = 0.164, subsample = 0.75, colsample_bynode = 0.65, reg_alpha = 0.09,
and min_child_weight = 0.66.



Sustainability 2025, 17, 9086 13 of 39

Feature interpretation using SHAP: To move beyond black-box predictions, SHAP
(SHapley Additive exPlanations) values were employed to quantify the marginal
contribution of each driver. The Shapley value for feature i is calculated as

ϕi = ∑
S⊆N\{i}

|S|!(|N| − |S| − 1)!
|N|! [ f (S ∪ {i})− f (S)] (16)

The SHAP framework enables a systematic evaluation of both main effects and
pairwise interactions among drivers.

3. Model validation and robustness assessment
The model’s robustness and spatial generalizability were evaluated through a dual
validation approach. First, spatial k-fold cross-validation (k = 5) was implemented to
assess performance on unseen geographic data, with metrics aggregated as

R2 =
1
K

K

∑
k=1

R2
k , RMSE =

1
K

K

∑
k=1

RMSEk (17)

Second, a bootstrap resampling procedure (B = 500) evaluated the stability of driver
importance rankings. The median rank (R̃j) and interquartile range (IQR) across
iterations identified consistent global drivers:

R̃j = median
({

r(b)j

}B

b=1

)
(18)

IQRj = Q3(rj)− Q1(rj) (19)

4. Spatial heterogeneity analysis
Regions exhibiting high prediction errors (e.g., Region 2 in Fold 3, R2 = −0.055) were
analyzed to uncover localized mechanisms. Welch’s t-tests and Cohen’s d effect sizes
quantified feature differences between anomalous and typical regions:

d =
X̄1 − X̄2

spooled
, spooled =

√
(n1 − 1)s2

1 + (n2 − 1)s2
2

n1 + n2 − 2
(20)

where X̄1 and X̄2 denoting group means, and s1 and s2 denoting their standard
deviations. This analysis characterized the unique socio-ecological profiles leading to
spatial heterogeneity in emissions.

A suite of specialized software tools was employed to ensure robust and state-of-
the-art analysis. A comprehensive overview of these tools, justifying their selection and
outlining their specific contributions, is available in Appendix C.

3. Results
3.1. Land Use Changes in Shanxi Province
3.1.1. Rates of Land Use Change

Land use dynamics from 1990 to 2022 were quantified through individual and composite
dynamic degree using ArcGIS for spatial analysis and calculation (Figure 3). Construction
land showed the highest dynamic degree (4.96%) during 1990–2000, declining to 2.26% in
2010–2022, yet remaining the most dynamic type overall. This slowdown reflects stricter
land supply controls, anti-speculation measures, and a strategic shift from expansion to stock
optimization under policies like the Linking Increase with Decrease” mechanism [47] and
idle land crackdowns [48–50].
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Unused land decreased notably (−0.80%) during 2000–2010 but rebounded slightly
(+0.47%) afterward. This shift resulted from the “Linking Increase with Decrease” policy,
creating incentives for quota reserves [51], the growing prioritization of stock revital-
ization [52], and enhanced ecological protection that restricted development on fragile
terrains.

Grassland dynamism turned negative (−1.39%) after 2010, indicating sustained shrink-
age under grazing bans and ecological restoration policies [53,54]. Forest land increased
from 0.64% to 0.96%, reflecting gains from large-scale afforestation and the “Grain-for-
Green” program [55,56]. Cultivated land remained relatively stable (−0.34%) due to the
strict farmland protection system and enforcement of the basic farmland red line [57,58].

These distinct trajectories—expansion of construction and forest land, alongside shrink-
age of grassland, unused, and cultivated land—illustrate Shanxi’s evolving balance between
ecological recovery and development.

Figure 3. Dynamics of land use types, 1990–2022.

3.1.2. Structural Changes in Land Use

Land use transition patterns and net changes in land use types in Shanxi Province from
1990 to 2022 were analyzed based on a land use transfer matrix derived from ArcGIS, with
the results visualized using a Sankey diagram and a bubble chart in Figure 4. The Sankey
diagram illustrates land use conversions among six categories during 1990–2000, 2000–2010,
and 2010–2022. Cultivated land exhibited the largest reduction, mainly converted to
grassland and construction land. Grassland showed bidirectional shifts with cultivated and
forest land, reflecting the combined influences of agricultural development and ecological
restoration programs. Forest land expanded steadily, largely replacing grassland and
cultivated land. Construction land increased continuously, encroaching on cultivated and
forest areas. Water bodies and unused land remained relatively stable.

The Sankey bubble chart illustrates the net changes in land use types from 1990
to 2022. The size of each bubble reflects the absolute magnitude of land use change,
while color indicates whether the change is positive or negative. Over this period, the
areas of cultivated land and grassland experienced notable declines of 7.199 × 105 ha
and 6.696 × 105 ha, respectively. In contrast, forest land and construction land expanded
significantly by 8.782 × 105 ha and 5.064 × 105 ha. The most pronounced reduction in
grassland occurred between 2010 and 2022, with a net loss of 9.347 × 105 ha, while forest
land saw its largest increase of 4.392 × 105 ha during the same period—highlighting a
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substantial conversion from grassland to forest. Changes in water bodies and unused
land remained relatively minor throughout the study timeframe. Overall, these patterns
reflect the combined impacts of ecological restoration and urban expansion on regional land
systems, emphasizing the importance of coordinated and sustainable land use planning.

Figure 4. Land use transition Sankey bubble diagram, 1990–2022.

3.2. Temporal Characteristics of Land Use Carbon Emission

Carbon emissions and sinks showed distinct trajectories across land types in Figure 5,
as calculated using a carbon emission model. Emissions from cultivated land decreased
from 272.61 × 104 tC in 1990 to 231.02 × 104 tC in 2010, before rebounding slightly to
244.90 × 104 tC by 2022. Emissions from construction land increased steadily through-
out the period, rising from 13.85 × 106 tC in 1990 to 35.61 × 106 tC in 2022, becom-
ing the dominant contributor to total emissions, driven by continued urbanization and
industrial growth.

Figure 5. Temporal characteristics of land use carbon emissions from 1990 to 2022.

Forest land saw a steady increase in sequestration capacity, from −217.42 × 104 tc
in 1990 to −273.98 × 104 tc in 2022, reflecting enhanced forest carbon sinks driven by
ecological policies and vegetation recovery. Grassland emissions remained relatively stable,
decreasing slightly from −12.40 × 104 tc to −12.56 × 104 tc over the same period. Water
bodies and unused land showed only minor changes in their carbon sink capacities, with
unused land changing from −10.04 tc in 1990 to −4.98 tc in 2022.
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Despite some mitigation progress, the sharp increase in emissions from construction
land continued to drive provincial carbon growth, underlining the challenges of reconciling
rapid development with low-carbon objectives. The structure of emissions shifted markedly
toward construction land, while the weakening of forest carbon sinks further undermined
the regional carbon balance, and Shanxi province’s low-carbon transition remains under
significant pressure.

3.3. Spatial Distribution Characteristics of Land Use Carbon Emission

The spatial distribution of county-level carbon emissions in Figure 6 exhibits pro-
nounced spatiotemporal heterogeneity and a progressively intensifying trend across Shanxi
Province. Overall, county emissions follow a “high in the northeast and low in the south-
west” pattern, evolving from scattered distributions to clustered regional hotspots. Low-
emission counties are predominantly located near the Taihang and Lvliang Mountain
ranges, contrasting with elevated emissions concentrated in five major basins: Yuncheng,
Linfen, Taiyuan, Xinding, and Datong. Over time, emission cores at the county scale
gradually merged into larger contiguous clusters.

Figure 6. Spatial and structural distribution of land use carbon emissions in Shanxi Province from
1990 to 2022. (a) Carbon emissions and proportion by intensity class in 1990. (b) Same for 2000.
(c) Same for 2010. (d) Same for 2022.
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In 1990, county-level emissions were generally low and spatially dispersed. By 2000,
emission intensity increased significantly in central and southern counties, transitioning
from isolated point sources to multi-county clusters driven by economic expansion. By 2010,
high-emission counties coalesced into continuous zones across central-southern Shanxi.
By 2022, emission hotspots expanded both northward and southward at the county scale,
peaking in central-southern basins and northern regions. The maximum spatial extent and
intensity of county emissions occurred in 2022, underscoring persistent challenges linked
to county-level land use patterns.

From 1990 to 2022, the proportion of counties classified as low emission decreased
significantly from 56.4% to 25.6%, while the relatively low emission category declined
slightly from 29.1% to 22.2%. In contrast, medium emission counties increased notably
from 12.8% to 30.8%. More importantly, counties categorized as relatively high emission
rose sharply from 1.7% to 17.1%, and high emission counties emerged from 0.0% to 4.3%
over the same period. These trends demonstrate a clear spatial shift of county-level
carbon emissions toward higher intensity categories, indicating growing emission hotspots
and heightened challenges for differentiated carbon management and regional climate
mitigation policies.

The spatiotemporal evolution of LISA clusters from 1990 to 2022 reveals profound
shifts in the spatial structure of [insert variable, e.g., carbon emissions/carbon efficiency]
across Shanxi Province, signaling a significant regional transition (Figure 7).

Figure 7. Spatial autocorrelation of carbon emissions in Shanxi Province in 1990, 2000, 2010, and 2022.

The most pronounced trend is a definitive north-south reversal in spatial dominance.
During the 1990s, High-High clusters were present in both northern and southern re-
gions, indicating intensified core activity. By 2022, however, northern High-High clusters
had diminished, while southern Low-Low clusters became more persistent, marking the
formation of a stable low-value zone and reflecting substantial spatial reorganization.

Spatial outliers also show transformative dynamics: non-significant areas dominated
throughout, indicating basic stability. Low-Low outliers consistently clustered in central
Jinzhong, suggesting structural constraints. After 2000, High-Low outliers disappeared
entirely, signaling spatial convergence. Low-High outliers shifted from southwestern to
southern Shanxi, and by 2022, new High-Low outliers emerged in the north—indicative of
weakening regional dominance.

Persistent southern High-High clusters, central Low-Low zones, and emerging north-
ern outliers together highlight intensified spatial differentiation, forming a core-periphery
structure. Key drivers include regional policy bias, natural resource trends, uneven in-
frastructure, environmental constraints, and labor reorganization. This pattern reveals
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not just north-south divergence, but a profound provincial restructuring, offering critical
insights for addressing regional inequality. The formation of these stable spatial clusters,
driven by regional policy bias and natural resource trends, underscores the necessity for
differentiated carbon governance strategies tailored to the specific socio-ecological profile
of each region.

3.4. Comprehensive Evaluation of Carbon Emission Efficiency Considering Environmental Factors
3.4.1. Empirical Results of the Stage 1 SBM Analysis

An analysis of LUCE efficiency in Shanxi Province from 1990 to 2022 was conducted
using an SBM-DEA model with multi-input and undesirable output parameters (Figure 8).
Technical Efficiency (TE) increased from 0.6005 to 0.7485, indicating improved carbon emis-
sions management. Pure Technical Efficiency (PTE) remained largely unchanged, reflecting
limited technological progress. In contrast, Scale Efficiency (SE) rose markedly from 0.8157
to 0.9634, accounting for 89.3% of the total efficiency gains. These results suggest that im-
provements were primarily driven by scale expansion rather than technological innovation.
To improve accuracy, the initial SBM-DEA results were further analyzed using an SFA to
control for the influence of external environmental factors and stochastic noise, following
standard efficiency measurement procedures to enhance reliability.

Figure 8. Land use carbon emission efficiency (LUCE) from 1990 to 2022, derived using the Stage 1
SBM-DEA model in Shanxi Province.

3.4.2. Results and Analysis of Stage 2 SFA Regression

This study used SFA with Frontier 4.1 to regress Stage 1 input slack variables against
six environmental covariates (Table 5). All γ values above zero confirm the validity of the
frontier function specifications. The likelihood ratio test for one-sided errors was significant
at the 10% level, supporting the effectiveness of the SBM-DEA framework in isolating
environmental influences.

Urbanization exerts divergence across productive dimensions. Urbanization signif-
icantly enhances capital stock efficiency and labor productivity, consistent with agglom-
eration economies optimizing resource allocation [59]. In contrast, its impact on land use
demonstrates weaker alignment with carbon efficiency goals. The positive but statistically
insignificant coefficient for land input suggests urban spatial expansion correlates with ele-
vated carbon intensity per land unit. This pattern likely stems from two systemic constraints:
excessive conversion of non-construction land and suboptimal spatial configurations that
increase energy demands. These findings necessitate differentiated policy interventions
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that preserve the advantages of urban growth in capital and labor while enforcing land use
controls to encourage compact development and low-carbon infrastructure.

The analysis revealed distinct patterns in how government intervention affects dif-
ferent input dimensions. A significant negative coefficient for land input slack (−0.6164,
significant at the 1% level) indicates that government intervention plays a key role in
improving land resource efficiency, likely through policies promoting land remediation, en-
vironmental regulation, and infrastructure investment [60]. Although its effects on capital
and labor input slack were statistically insignificant, government-led resource coordina-
tion may still indirectly support factor efficiency. Moreover, enhanced land governance
contributes to lower carbon emissions per unit land use, thereby fostering improvements
in LUCE. These findings suggest that although government intervention primarily exerts
a direct influence on land use efficiency, it also functions as a critical lever in achieving
broader low-carbon development goals [61].

Economic development level exhibited contrasting effects across input dimensions.
Significant negative coefficients of −0.1639 (1% level) and −0.1283 (5% level) were found
in capital stock and labor input slack, indicating that current economic growth is associated
with excessive input and inefficiency. This aligns with the trade-offs observed by Wang and
Wang (2019), who noted that heightened economic growth constrained carbon emission
efficiency improvements [62]. In the land use dimension, the coefficient was statistically
insignificant, reflecting a mismatch between economic expansion and effective land use
under existing planning frameworks. These results suggest LUCE remains sensitive to
growth modes: while development could enhance efficiency via green technology and
industrial upgrading, the region may still lie on the ascending side of the environmental
Kuznets curve, where rising activity lowers LUCE.

The analysis showed varying impacts of GTPI across production dimensions. In the
labor input dimension, GTPI had a significant positive effect (0.0880, p < 0.05), suggesting
that green innovation enhances labor efficiency through skill-based technological change,
human-capital upgrading, improved workforce allocation, enhanced operational practices,
better integration of green skills into employment structures, and increased adaptability
to technological shifts. However, its impact on capital stock and land use slack was
statistically insignificant, indicating that decarbonization in these areas still relies on broader
institutional innovations, stronger policy coordination, improved regulatory frameworks,
consistent technology diffusion, and supportive financial mechanisms. The lack of effect
on land use suggests green innovation has yet to drive notable LUCE improvement.

Population density exhibited distinct effects, showing a significant negative coefficient
(−0.2221, p < 0.05) in labor allocation. This negative correlation suggests that agglom-
eration may intensify labor market pressure, leading to reduced LUCE. No significant
associations were identified in the capital and land dimensions. This indicates that popu-
lation concentration does not currently translate into measurable changes in capital use
or land resource allocation. The results highlight the importance of targeted spatial gover-
nance. Reducing labor market saturation in densely populated areas and improving capital
circulation and land use planning may help mitigate efficiency losses and support LUCE
improvement.

Industrial restructuring showed no statistically significant effects on capital, labor,
or land use efficiency (p > 0.1). Although the coefficient for land use in the secondary
industry was 0.177, the lack of significance suggests that current restructuring efforts have
not addressed rigidities in factor markets or existing technological paths. The absence of
significant effects across all inputs indicates that fragmented industrial policies may not
effectively remove the structural barriers limiting low-carbon transformation. Achieving
substantial emission reductions may require coordinated measures that target technological
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inertia, labor market mismatches, and inefficiencies in land management. Moreover, with-
out integrated planning, sectoral shifts risk creating new inefficiencies. Stronger alignment
between economic restructuring and spatial governance is essential to unlock synergistic
decarbonization potential.

Table 5. SFA regression results.

Environmental Variables Capital Stock Labor Force Land Area

cons 0.0016 −0.0356 −0.2515
(0.1215) (−0.7332) (−2.2447)

UR 0.1056 *** 0.2084 ** 0.3311
(3.3446) (2.2623) (1.3554)

GOV 0.0214 −0.0516 0.6164 ***
(1.1091) (−1.0935) (4.0618)

PGDP −0.1639 *** −0.1283 ** −0.3113
(−4.7281) (−2.0378) (−2.0818)

GTPI −0.0059 0.0880 *** −0.0773
(−0.3890) (2.1377) (−0.7280)

POPD 0.0233 −0.2221 ** −0.2300
(0.6705) (−2.2654) (−0.9772)

INS −0.0032 0.0265 0.177
(−0.2075) (0.5667) (1.4587)

σ2 0.0094 ** 0.0041 ** 0.0393 *
(2.3624) (2.3624) (1.9756)

γ 0.9638 *** 0.4316 0.5981
(5.7327) (1.9256) (2.3976)

Log-likelihood
function

101.4258 *** 56.5474 *** 17.7302 ***

(5.1431) (4.1546) (3.1842)

LR one-sided error
test values

29.4255 *** 40.3694 *** 19.4377 ***

(4.2631) (5.9847) (4.3412)
Notes: *, **, and *** denote statistical significance at 10%, 5%, and 1% levels, respectively. T-statistics are reported
in parentheses.

Overall, UR and GOV drive LUCE improvements by optimizing capital and labor use
and reducing land slack. Resource-intensive economic growth currently hinders LUCE
in both capital and labor dimensions. Green technology progress boosts labor efficiency
but not capital or land use, while population density reduces LUCE via labor market
congestion, and industrial restructuring shows no significant effect. Integrated policies
aligning economic growth, spatial planning, and innovation are needed to advance low-
carbon land use.

3.4.3. Analysis of Adjusted SBM Results

The SBM model was reimplemented using SFA-adjusted inputs and the original out-
puts to assess LUCE, as shown in Figure 9. LUCE demonstrated substantial volatility.
Initial measurements in 1990 showed TE, PTE, and SE at 0.8111, 0.8780, and 0.9311, re-
spectively, indicating comparatively optimal LUCE. By 2000, TE and SE rose to 0.8515 and
0.9520, suggesting continued efficiency gains. A marked decline occurred by 2010, with
TE and SE falling to 0.7805 and 0.8315, potentially associated with economic restructuring
impacts on resource allocation. The most recent 2022 data revealed TE and SE at 0.5161 and
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0.5593, signaling persistent efficiency challenges. In contrast, PTE maintained stable growth
throughout the study period, advancing from 0.8780 to 0.9257, demonstrating sustained
technological contributions to carbon efficiency enhancement.

Figure 9. Land use carbon emission (LUCE) from 1990 to 2022, based on the Stage 3 SBM-DEA model
in Shanxi Province.

3.4.4. Comparison of Stage 1 and Stage 3 Efficiency Scores Across Cities

Figure 10a–f present the temporal evolution of TE, PTE, and SE across 11 cities in
Shanxi Province from 1990 to 2022. The divergence between Stage 1 and Stage 3 results
after 2010 reveals important insights into China’s macroeconomic policies. While Stage 1
results show apparent stability, with five fully efficient cities (TE = 1) in both 2000 and 2022,
Stage 3 results uncover a sharp decline from seven efficient cities in 2000 to just Taiyuan
by 2022.

Figure 10. Carbon emission efficiency scores of Shanxi cities under Stage 1 and Stage 3: (a) Stage 1
TE; (b) Stage 1 PTE; (c) Stage 1 SE; (d) Stage 3 TE; (e) Stage 3 PTE; (f) Stage 3 SE. Efficiency scores are
dimensionless (–).

This pattern represents an investment-driven growth paradox. The post-2008 stimulus
package, reliant on massive credit expansion, initially boosted output in resource-rich
provinces like Shanxi, inflating the raw Stage 1 efficiency metrics. The Stage 3 analysis
reveals that this growth model subsequently induced severe structural imbalances. The
adjustment process unmasked an important reality: early unfavorable conditions had
hidden true managerial efficiency (evidenced by high initial Stage 3 PTE), whereas, by 2022,
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the apparent efficiency of cities like Yangquan and Shuozhou was revealed to be dependent
on external favors rather than excellent management.

Period decomposition (Table 6) shows how efficiency drivers have shifted over time.
TE improvements around 2000 were primarily driven by scale efficiency gains, as seen in
rising SE values in both stages, indicating that external factors initially helped achieve scale
economies. Post-2010, Stage 3 results reveal a scale efficiency crisis, with SE values plum-
meting to 0.42–0.65 by 2022, quantifying the severe overcapacity in traditional industries
and inefficient urban expansion fueled by investment-led growth.

Notably, PTE remained high and stable across stages and models (ρ = 0.85), confirming
that core managerial practices and technological application were robust. This stability
indicates a predictable response to policy instruments. However, these improvements in
pure technical efficiency were overwhelmed by massive losses from structural misallocation,
as captured by the plunging Stage 3 SE.

Table 6. Period decomposition of efficiency changes by stage (1990–2022).

Efficiency Measure Stage 1990–2000 2000–2010 2010–2022

TE Stage 1 +0.034 +0.068 +0.046
TE Stage 3 +0.040 −0.071 −0.264
PTE Stage 1 +0.082 −0.083 −0.080
PTE Stage 3 +0.019 +0.039 −0.010
SE Stage 1 −0.073 +0.156 +0.064
SE Stage 3 +0.021 −0.120 −0.272

3.4.5. Robustness Checks

Multiple robustness checks were implemented to enhance the credibility of the findings
and to address key methodological concerns and parameter uncertainties.

Water-body-neutral scenario: Given that the treatment of water bodies as a carbon
sink constitutes a major assumption and potential source of uncertainty, a conservative
scenario was constructed by setting their net carbon flux to zero. The resulting city efficiency
rankings were highly consistent with those from the baseline scenario, thereby confirming
the stability of the comparative findings. Spearman’s rank correlation analysis further
demonstrated strong and statistically significant associations for TE, PTE, and SE across
all study years (average ρ > 0.80, p < 0.01). Detailed efficiency scores and the complete
correlation analysis are reported in Appendix A.

Reclassifying land variables: To address the potential for mechanical linkage between
land inputs and emission outputs, a key robustness check was performed by reclassifying
land composition variables as environmental variables in the second-stage SFA. While this
specification change significantly affected the absolute values of the efficiency scores—as
theoretically expected when altering the production frontier—the relative performance
rankings of cities remained highly stable. Table 7 summarizes the changes in descriptive
statistics and the high rank correlations. Spearman’s rank correlation coefficients between
the original and alternative rankings were strong and significant for TE, PTE, and SE across
all study years (average ρ > 0.91, p < 0.001). This confirms that our core findings regarding
inter-city performance disparities are robust to this fundamental model respecification.
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Table 7. Robustness check for land variable specification.

Efficiency Measure Mean Change ∆ Std. Dev. Spearman’s ρ

TE −0.326 +0.029 0.957 ***
PTE −0.252 +0.109 0.91 ***
SE −0.212 +0.048 0.966 ***

Note: This table compares the primary model (land as inputs) against the robustness check model (land as
environmental variables). Spearman’s ρ represents the average correlation of city rankings across the study period.
*** p < 0.001.

Spatial dependence analysis: The estimation of the Spatial Error Model (SEM) yielded
a statistically significant spatial error coefficient (λ = 0.27, p = 0.012). This result confirms
the presence of substantive residual spatial autocorrelation, implying that unobserved
shocks or factors influencing input slacks spill over across city boundaries, as defined by
our first-order Queen contiguity weights matrix.

However, despite this statistical evidence of spatial dependence, adjusting for it
through the SEM led to only negligible changes in the computed efficiency scores and their
ordinal rankings. The robustness of the initial estimates is underscored by the near-perfect
correlation between the original and spatially adjusted scores for TE (TE, ρ = 0.973), PTE
(PTE, ρ = 0.847), and SE (SE, ρ = 0.900) (all correlations significant at p < 0.001).

Monte Carlo uncertainty analysis: To provide a compact overview of the uncertainty
in our core efficiency measures, we employed a Monte Carlo simulation with 1000 iterations
to perturb land use carbon emission coefficients within their plausible ranges. Table 8
reports the 5th (p5), 50th (median, p50), and 95th (p95) percentiles for TE and SE across all
cities in Shanxi Province for 2022.

Table 8. Uncertainty in city-level efficiency scores (2022).

City TE-p5 TE-p50 TE-p95 SE-p5 SE-p50 SE-p95

Taiyuan 0.521 0.563 0.602 0.632 0.702 0.768
Datong 0.458 0.502 0.543 0.554 0.621 0.685
Yangquan 0.602 0.648 0.691 0.587 0.662 0.733
Changzhi 0.487 0.531 0.574 0.612 0.683 0.751
Jincheng 0.534 0.577 0.618 0.663 0.735 0.803
Shuozhou 0.423 0.467 0.510 0.522 0.590 0.656
Jinzhong 0.465 0.509 0.552 0.578 0.648 0.715
Yuncheng 0.441 0.485 0.527 0.598 0.668 0.736
Xinzhou 0.398 0.442 0.485 0.501 0.569 0.635
Linfen 0.452 0.496 0.539 0.562 0.631 0.698
Lvliang 0.411 0.455 0.498 0.534 0.602 0.668

Median
IPR 0.084 0.136

Note: p5, p50 (median), and p95 percentiles are derived from 1000 Monte Carlo iterations. IPR (Inter-Percentile
Range) = p95 − p5. The median IPR across cities shows that SE is ∼62% more sensitive to emission coefficient
uncertainty than TE.

As shown in Table 8, two key patterns emerge: (1) the median (p50) efficiency values
provide robust central estimates for cross-city comparisons, and (2) SE exhibits substan-
tially wider uncertainty bands than TE, as indicated by the median Inter-Percentile Range
(IPR). This differential sensitivity, revealed by the Monte Carlo simulation, aligns with
our interpretation that scale-related inefficiencies are both a major driver of performance
decline and inherently more sensitive to parameter uncertainty. Full uncertainty results for
all benchmark years and efficiency measures are reported in Appendix B.
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3.5. Drivers of Land Use Carbon Emissions
3.5.1. Global Model Performance and Robust Driver Identification

The globally calibrated XGBoost model demonstrated a satisfactory capability to
explain land use carbon emissions, providing a baseline understanding of the dominant
drivers. The bootstrap resampling analysis (n = 500 iterations) was then employed
to evaluate the statistical stability of the feature importance rankings derived from this
global model.

As depicted in Figure 11, population-related indicators (POPD and POPS) consistently
emerged as the two most important and robust drivers across all bootstrap samples, ex-
hibiting the lowest median ranks (1.5 and 2.1, respectively) and the narrowest distributions
(IQR < 1.0). This confirms that their dominant influence is a statistically sound finding.
RGDP also demonstrated stable high importance (median rank = 3.2, IQR = 1.5). In contrast,
the importance of natural endowment variables (e.g., NDVI, P) exhibited greater variability,
underscoring their secondary and context-dependent role.

Figure 11. Robustness of feature importance rankings (bootstrap analysis: n = 500) for key drivers of
land use carbon emissions.

3.5.2. Interaction Effects Among Robust Drivers

To systematically assess the associations between different factors and land use carbon
emissions, this study applied XGBoost modeling in combination with SHAP analysis.
SHAP interaction values were calculated to decompose the total marginal contribution of
features into main and interaction effects within the model, quantifying how the presence
of one feature modifies the predictive effect of another.

As shown in Figure 11, population-related indicators (POPD and POPS) were iden-
tified as the strongest predictive features. Figure 12 further reveals that the interaction
between POPD and POPS was the most prominent, exhibiting strongly positive joint ef-
fects within the model. When both variables were high, interaction values rose sharply,
suggesting that densely populated and highly concentrated areas are associated with
disproportionately higher carbon emissions in the model output. This pattern may be
linked to increased residential energy demand, transportation intensity, and land devel-
opment. RGDP also showed a clear upward trend in marginal contribution. Notably, its
strong positive interaction with POPD indicates an economic agglomeration pattern within
the model: high population density is associated with amplified emission predictions
concurrent with economic production intensity, while economic indicators correlate with
infrastructure-related emissions.
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Figure 12. SHAP interaction values for key global drivers of land use carbon emissions.

In contrast, NDVI had minimal interaction effects in the model, as regional vegetation
coverage shows limited predictive interplay with other features in offsetting emission pat-
terns concentrated in urban centers. Certain other feature combinations revealed discernible
joint effects. For instance, high values of both RGDP and P were associated with stronger
predicted emissions, possibly reflecting correlated land use intensification under favorable
conditions. Interactions between GTPI and SIC appeared to moderate predicted emissions,
suggesting a potential mitigating role of technological factors in the modeled relationships.

3.5.3. Spatial Heterogeneity and Model Transferability Assessment

To assess the spatial transferability of the global model and the universal appli-
cability of the identified drivers and their interactions, spatial k-fold cross-validation
was implemented.

The results revealed pronounced spatial heterogeneity. As summarized in Table 9, the
average out-of-sample performance across all folds was R2 = 0.550 and RMSE = 12.783.
Crucially, Fold 3 (Region 2) exhibited a severe decline in predictive performance
(R2 = −0.055) with the highest RMSE (16.602), indicating a fundamental breakdown of the
global model’s learned mechanisms in this region.

Table 9. Spatial cross-validation performance metrics of the XGBoost model in Shanxi Province.

Fold R2 RMSE

1 0.635 10.570
2 0.844 8.848
3 (Region 2) −0.055 16.602
4 0.628 11.840
5 0.696 16.055

Average 0.550 12.783
Note: Fold 3 corresponds to Region 2, the area exhibiting a distinct socio-ecological profile.

To diagnose the anomaly in Region 2, a comparative analysis of its socio-ecological
profile was conducted. As summarized in Table 10, Region 2 exhibits significantly elevated
anthropogenic pressures (WSF: +15.0%; UR: +11.2%) coupled with severely depleted
natural endowment (NDVI: −35.7%; P: −25.7%; T: −26.2%). Welch’s t-tests confirmed
these differences were highly significant (p < 0.001) with large effect sizes (Cohen’s
d > 0.8).
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Table 10. Comparison of Region 2 characteristics with overall study area averages.

Feature Overall Mean Region 2 Mean Relative Difference Implication

WSF 15.77 18.13 +15.0% Elevated anthropogenic intensity

UR 0.62 0.67 +11.2% Higher urban density and energy use

T (◦C) 7.66 7.10 −26.2% Colder climate, increased heating demand

P (mm) 549.04 439.74 −25.7% Drier conditions, weaker natural sinks

NDVI 0.42 0.31 −35.7% Lower vegetation cover, diminished ecological
regulation

WSF represents the human footprint index, encompassing urban expansion, industrial activity, and infrastructure
development.

3.5.4. Synthesis: Global Patterns and Local Exceptions

This spatial heterogeneity presents a critical nuance: while POPD, POPS, and RGDP
were identified as the most globally robust drivers, with their interactions defining the
dominant global emission patterns, their influence fails locally in specific regions like
Region 2. This does not invalidate the global findings but precisely defines the boundaries of
their applicability. Consequently, while the global model informs broad-scale policy, region-
specific mitigation strategies are essential, particularly for anomalous regions requiring
tailored approaches beyond the global narrative.

4. Discussion
4.1. Spatiotemporal Changes in Land Use Carbon Emission

This study analyzed spatiotemporal patterns of land use change and carbon emis-
sions in Shanxi Province using the China Land Cover Dataset (CLCD) from the Wuhan
University Huang Xin team. Derived from Landsat imagery, the CLCD provides a 30 m
spatial resolution, annual temporal continuity, and open access with high spatiotemporal
consistency. The results indicate increased forest land, water bodies, and construction
land, alongside decreased cultivated land, grassland, and unused land. These findings
differ partly from earlier studies, especially in relation to the expansion of water bodies.
Discrepancies may stem from differing study periods, data sources, or methodologies.
The increase in water bodies is likely associated with improvements in water conservancy
infrastructure, the implementation of ecological restoration policies, and regional climate
shifts. These factors collectively reflect enhanced water management efforts.

For carbon emission accounting, this study adopted the emission coefficient method to
estimate both direct and indirect emissions from land use change due to the absence of long-
term, detailed data on energy consumption and agricultural activities. The results showed
a steady annual increase in land use carbon emissions, consistent with previous research.
This approach effectively captured historical spatiotemporal trends in emissions associated
with land use and cover change, offering a solid basis for refining land use strategies and
promoting low-carbon development. Furthermore, the spatial emission patterns identified
here, especially the clustering of high emissions in industrial counties, establish a critical
baseline for prioritizing targeted mitigation strategies. These results provide an essential
spatial framework for future work on energy structure optimization and the strategic
deployment of carbon capture, utilization, and storage (CCUS) infrastructure in Shanxi’s
key industrial regions.

4.2. Three-Stage SBM-DEA Methodology

The Stage 3 efficiency results in Shanxi Province remain robust, confirming that city
rankings are largely unaffected by residual spatial dependence or mechanical linkage. The
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divergence between Stage 1 and Stage 3 highlights an investment-driven growth paradox:
while raw efficiency metrics appeared stable, controlling for environmental factors reveals
a sharp decline after 2010, reflecting overcapacity and structural imbalances induced by
post-2008 stimulus policies.

Driver analysis indicates differentiated effects of socio-economic and technological fac-
tors. Government intervention and urbanization enhanced land use efficiency via improved
resource allocation and regulatory enforcement, whereas high GDP growth in energy-
intensive regions exerted negative pressure on efficiency. Green technology progress has
improved labor efficiency but has yet to produce broad impacts across industrial processes.

These findings demonstrate the necessity of a three-stage framework to disentangle
managerial inefficiency, environmental heterogeneity, and statistical noise. The resulting
city rankings, derived from the primary SFA-adjusted Stage 3 analysis, prove robust
to residual spatial dependence—a finding confirmed by SEM adjustments that, despite
significant spatial error, yield materially unchanged ranking orders. This consistency
provides a solid foundation for targeted policy interventions and highlights key levers for
promoting low-carbon development in resource-dependent provinces.

Furthermore, the robustness of these findings is substantiated by a comprehensive
Monte Carlo uncertainty analysis (Table 8). Despite introducing substantial perturbations
(±30%) to the underlying land use emission coefficients, the relative performance rankings
of cities remained highly stable (average Spearman’s ρ > 0.91). Crucially, this exercise
confirmed that SE—the primary driver of the post-2010 efficiency decline—is inherently
more sensitive to parameter uncertainty than TE, yet its median estimates robustly uphold
the conclusion of significant scale misallocation. This demonstrates that the core policy
implications regarding investment-driven overcapacity are not an artifact of statistical
uncertainty but reflect a persistent structural issue.

4.3. Drivers of Land Use Carbon Emissions

This study identifies multiple prominent predictive features associated with land use
carbon emissions in Shanxi Province and rigorously assesses their robustness and spatial
stability. The bootstrap resampling analysis (n = 500) first established that POPS and POPD
are the most stable and dominant predictors, exhibiting the lowest median importance
ranks and smallest variance across iterations. This finding confirms the statistical robustness
of their predictive power and is consistent with findings by Guo et al. (2024) [63]. Similarly,
RGDP was consistently identified as a robust high-impact predictor, aligning with the strong
associative influence reported by Udemba et al. (2022) [64], particularly in high-income
regions. It is important to note that in the context of Shanxi Province, the industrial structure
variable serves as a robust proxy for its coal-dependent energy pattern, as secondary
industry expansion is intrinsically linked to increased coal consumption. This conceptual
linkage helps capture the core influence of energy structure on carbon emissions, despite
the lack of direct energy data at the prefecture level. The interaction between economic
development and natural conditions, such as precipitation, further intensified emissions
in high-value areas, reflecting the compounded influence of economic and environmental
factors, as also observed by Qu et al. (2023) [65].

A crucial finding of this study is the pronounced spatial heterogeneity in these predic-
tive relationships, which was uncovered through spatial cross-validation and subsequent
statistical interrogation. The case of Region 2 exemplifies a specific archetype—“High
Anthropogenic Intensity—Low Natural Endowment”—where Welch’s t-tests and Cohen’s
d effect sizes confirmed statistical significance (p < 0.001) and substantial deviations in
multiple features (e.g., WSF: +15.0%, NDVI: −35.7%) from the regional mean. This ex-
treme socio-ecological profile explains why the conventional global model fails here due
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to fundamentally distinct local predictive mechanisms, a conclusion strengthened by the
combination of spatial validation and statistical testing.

Theoretically, this underscores the critical perils of spatial non-stationarity. The demon-
stration that globally robust predictors (via Bootstrap) can fail locally (via Spatial CV) provides
a compelling case that ignoring geographical heterogeneity can lead to model misspecification
and severely biased inferences. Practically, it argues compellingly against the sufficiency of
uniform, province-wide policy approaches. Mitigation strategies in anomalous regions like
Region 2 must be highly targeted, de-emphasizing reliance on natural carbon sinks, given their
depleted state, and instead focusing on regulating industrial point sources and modernizing en-
ergy infrastructure to address its rigid, high-emission profile. Therefore, moving beyond global
models towards spatially explicit modeling frameworks—such as geographically weighted
regression or cluster-specific regionalized modeling—is not just an academic exercise but a
necessity for formulating effective and equitable climate action. Finally, we acknowledge that
the absence of direct energy structure variables (e.g., coal consumption share) represents a
limitation due to data availability constraints at the prefecture level. We strongly recommend
that future studies prioritize the construction of a comprehensive energy database for Shanxi
Province, which would enable the explicit incorporation of energy structure variables and
further enhance the precision of emission driving force analyses.

4.4. Uniqueness and Future Prospects of the Research Findings

1. This study introduces a method integrating a three-stage DEA framework with a super-
efficiency SBM model, representing the pioneering application of this methodology to
investigate the LUCE in Shanxi Province. The method delivers higher precision in
setting LUCE benchmarks across DMUs. By carrying out this regional implementation
in one of China’s resource-intensive provinces, it provides a new empirical reference
for future research on spatial heterogeneity adjustment.

2. Interpretable driver analysis through machine learning. The analytical framework
combines extreme gradient boosting to capture nonlinear variable interactions with
Shapley additive explanation values for causal attribution. Applied to Shanxi
Province, it delivers fine-grained insights into how economic activity, UR, and GTPI
adoption drive land use carbon emissions, providing clear, actionable guidance for
targeted policy interventions.

3. This study relies on longitudinal data spanning 1990 to 2022, which may limit its
ability to capture nuanced temporal dynamics. Future research should adopt shorter-
term cyclical analyses, such as five-year intervals, to improve temporal resolution and
reduce data inconsistencies from prolonged observation periods. This adjustment
could clarify phased characteristics of land use carbon emissions and policy impacts.

4. This study measured LUCE at the city level, offering insights but lacking the spatial
precision and policy relevance of micro-scale analyses. Future research should conduct
assessments at the county level to improve practical applicability. A larger number of
DMUs would support multidimensional evaluations of land use efficiency and enable
a more comprehensive assessment of land use benefits.

5. Conclusions and Suggestions
5.1. Conclusions

1. From 1990 to 2022, construction land expansion in Shanxi Province peaked during
1990–2000, with a dynamic degree of 4.96%, marking accelerated urbanization. Unused
land contraction reached maximum intensity between 2000 and 2010 (−4.48% dynamic
degree), reflecting effective ecological policy implementation. Cultivated land, grassland,
and unused land exhibited persistent negative trends, contrasting with positive trajec-
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tories in forest land, water bodies, and construction land. These patterns demonstrate
intertwined agricultural intensification, ecological rehabilitation, and urban develop-
ment pressures. Post-2010 increases in comprehensive dynamic degree reveal sustained
land system instability, necessitating integrated land management strategies and green
urban planning to address systemic vulnerabilities.

2. This study examined the key drivers of land use carbon emissions in Shanxi Province
and assessed their robustness and spatial variability. Population indicators (POPS and
POPD) and economic development (RGDP) were identified as the most influential
drivers, while natural and technological factors played secondary or context-dependent
roles. Pronounced spatial heterogeneity was observed, exemplified by Region 2, where
the global model underperformed due to extreme socio-ecological conditions. These
findings highlight the necessity of region-specific mitigation strategies. In areas with
anomalous profiles, reliance on natural sinks alone is insufficient, and targeted regulation
of industrial sources combined with energy modernization is critical. For such regions
with concentrated, high-intensity emissions from industrial point sources (e.g., coal-fired
power plants and chemical industries), our spatially explicit identification provides a
scientific basis for prioritizing the deployment of advanced mitigation technologies, such
as carbon capture, utilization, and storage (CCUS), in future infrastructure planning.
Spatially explicit modeling frameworks are essential to accurately capture local dynamics
and inform effective climate mitigation policy.

Overall, this study contributes to a deeper understanding of land use carbon dynamics
by integrating spatial analysis, efficiency evaluation, and machine learning-based driver
identification. The three-stage SBM-DEA model effectively captured the influences of
technological efficiency and external environment on carbon emission efficiency. The SFA-
adjusted Stage 3 results are presented as the primary findings, with the SEM-adjusted results
serving as a robustness check. Although a statistically significant spatial error effect was
detected, its impact on the efficiency rankings was marginal, thus leaving the core conclu-
sions unchanged. In parallel, the XGBoost-SHAP framework revealed key socio-economic
and climatic drivers—such as population, economic growth, and precipitation—that sig-
nificantly impact carbon emission levels. This combined methodological approach offers
a comprehensive perspective from both efficiency assessment and causal interpretation,
supporting more targeted and adaptive low-carbon land use strategies for Shanxi Province
and similar resource-based regions.

5.2. Suggestions

These findings reveal the intertwined drivers of land use carbon emissions in Shanxi
Province. Based on the integrated spatiotemporal analysis of land use change, carbon
emissions, and efficiency (Figures 3–10 , Table 5), the following targeted, evidence-based
optimization strategies are proposed:

1. Contain urban sprawl in metros with declining scale efficiency

Diagnostic: Cities such as Taiyuan, Yuncheng, and Linfen exhibit the highest con-
struction land dynamic degrees (Figure 3: 4.96% in 1990–2000) and significant conversion
from cultivated land (Figure 4). Crucially, the Stage 3 SBM-DEA results indicate that these
regions suffer from critically low SE (Figure 10), revealing severe diseconomies of scale
from inefficient urban expansion.

Policy: Implement binding urban growth boundaries and promote transit-oriented
development and urban densification.

Expected directional effect: Curtail uncontrolled expansion to directly improve SE and
reduce per-unit carbon emissions from the urban built environment.
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2. Drive industrial retrofitting in basin emission hotspots with low efficiency

Diagnostic: The spatial analysis identifies Yuncheng, Linfen, and the core basin areas
as the most persistent and high-intensity emission hotspots (Figure 6), forming statistically
significant High-High clusters (Figure 7). This, combined with their stagnantly low LUCE
in the Stage 3 analysis (Figure 10), indicates inefficient, high-emitting economic models.
The SFA regression (Table 5) confirms GTPI has not yet significantly improved capital or
land use efficiency here.

Policy: Enforce carbon intensity thresholds for key industries, mandate green technol-
ogy deployment, and repurpose idle industrial land.

Expected directional effect: Optimize industrial input-output scale to boost SE and
advance production techniques to improve PTE, thereby directly reducing industrial
carbon intensity.

3. Enhance carbon sinks in ecological zones with high sequestration potential

Diagnostic: Regions like Xinzhou demonstrate significant forest land expansion and
enhanced carbon sequestration capacity (Figures 3 and 5: forest sink from −217.42 ∼
−273.98 × 104 tC ), yet their overall TE remains moderate (Figures 9 and 10), suggesting
their ecological contribution is not fully optimized in the production framework.

Policy: Prioritize payments for ecosystem services programs, forest conservation, and
the adoption of conservation tillage in agriculture.

Expected directional effect: Increase desirable (carbon sink) outputs without propor-
tionally increasing inputs, thereby directly improving the TE of these regions.

4. Implement differentiated spatial governance for spatially anomalous clusters

Diagnostic: The spatial autocorrelation analysis (Figure 7) identifies “High-High”
clusters in the south and “Low-Low” clusters in central Jinzhong, indicating a deeply
entrenched core-periphery structure. This signifies a fundamental mismatch between
economic activity and natural capacity in these regions.

Policy: Establish integrated emission–land quotas and pilot inter-regional carbon/land
use trading schemes specifically for these spatial clusters.

Expected directional effect: Reallocate resources from low-efficiency to high-efficiency
regions, aiming to boost PTE across the province by optimizing spatial allocation and
mitigating regional inequality.

5. Mainstream climate resilience into planning for high-risk, high-emission areas

Diagnostic: High-emission basins like Taiyuan and Linfen (Figure 6) are also highly
vulnerable to climate risks. This threatens to further degrade their already low future
efficiency (SE and PTE from Figures 9 and 10) by disrupting infrastructure and operations.

Policy: Integrate mandatory climate risk assessments and resilient infrastructure
standards into urban planning for identified hotspots.

Expected directional effect: Protect existing capital and land inputs from climate
disruptions, safeguarding and maintaining long-term SE and PTE.

6. Institutionalize decomposed efficiency metrics into performance evaluations

Diagnostic: The significant gap between Stage 1 (apparent) and Stage 3 (authentic)
efficiency scores (Figure 8 vs. Figure 9) highlights that conventional planning evaluations
fail to account for environmental and random effects, creating misguided incentives for
mere output expansion rather than genuine efficiency gains.

Policy: Embed the decomposed DEA metrics (TE, PTE, and SE) into the performance
evaluation systems of provincial and municipal governments.
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Expected directional effect: Create accountability for genuine managerial performance
(PTE) and optimal scale (SE), steering policy away from unsustainable expansion and
toward sustained improvements in real TE.
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Appendix A. Detailed Results of the Water-Body-Neutral
Scenario Analysis
Appendix A.1. Overview

This appendix provides the complete results of the Spearman’s rank correlation analy-
sis conducted for the sensitivity analysis, in which water bodies were treated as carbon-
neutral (i.e., their carbon emission coefficient was set to Vwater = 0). This analysis compares
the city efficiency rankings—TE, PTE, and SE—derived from this conservative scenario
against those from the baseline scenario (water as a sink).

Appendix A.2. Spearman’s Rank Correlation Analysis

The robustness of the comparative city rankings between the baseline and water-body-
neutral scenarios was rigorously assessed using Spearman’s rank correlation analysis. The
correlation coefficient (ρ) and its associated p-value for each efficiency indicator and study
year are presented in Table A1.

Table A1. Spearman’s rank correlation between baseline and water-body-neutral scenario rankings.

Year Efficiency Indicator Spearman’s ρ p-Value Interpretation

1990 TE 0.855 0.001 Significant
PTE 0.391 0.232 Not Significant
SE 0.927 0.000 Significant

2000 TE 0.818 0.002 Significant
PTE 0.536 0.089 Marginally Significant
SE 0.818 0.002 Significant

2010 TE 0.845 0.001 Significant
PTE 0.564 0.071 Marginally Significant
SE 0.927 0.000 Significant

2022 TE 0.867 0.001 Significant
PTE 0.467 0.151 Not Significant
SE 0.867 0.001 Significant

Note: A p-value < 0.05 indicates statistical significance; <0.1 indicates marginal significance.

https://chenahuiiiiii.github.io/Land-Use-carbon-emission-Factor/
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Appendix A.3. Summary of Findings

The correlation analysis yields two principal findings:

1. High consistency for TE and SE: The rankings for TE and SE exhibit very strong,
statistically significant positive correlations across all four study years (ρ ≥ 0.818,
p < 0.01). This indicates that the relative performance of cities regarding overall
technological and scale efficiency is virtually identical between the two scenarios. A
city ranked as efficient in the baseline remains efficient in the water-body-neutral
scenario, and vice versa.

2. Inconsistency for PTE: The rankings for PTE show positive but statistically non-
significant correlations for 1990 and 2022 (p > 0.05). The correlations for 2000 and
2010 are strong and marginally significant (p < 0.1). This indicates that the evaluation
of managerial efficiency is more sensitive to the treatment of water bodies. The relative
ranking of cities based on PTE should, therefore, be interpreted with greater caution.

Appendix A.4. Conclusion

The detailed correlation results in this appendix robustly support the conclusion
stated in the main text: the core comparative findings of this study regarding the relative
performance rankings of cities are highly robust to the treatment of water bodies. The
highly significant Spearman’s correlations for TE and SE confirm that changes in absolute
efficiency values do not translate to changes in the ordinal rankings, which are the primary
focus of this comparative study.

Appendix B. Monte Carlo Uncertainty Analysis of Land Use Carbon
Emissions

To assess the influence of uncertainty in land use carbon emission coefficients, a
Monte Carlo simulation was conducted. Conservative ±30% relative perturbations (drawn
independently from a uniform distribution) were applied to the emission coefficients, and
1000 Monte Carlo iterations were performed. For each iteration, the full three-stage DEA
pipeline (Stage 1 → second-stage SFA adjustments → Stage 3) was rerun to record city-level
total land use CO2 emissions and Stage 3 efficiency scores (TE, PTE, and SE). Percentile
estimates (p5, p50, and p95) and Inter-Percentile Range (IPR = p95 − p5) were computed.

Appendix B.1. Uncertainty of Total Land Use Carbon Emissions

Tables A2–A5 summarize the Monte Carlo results for 1990, 2000, 2010, and 2022.
Observations:

• Median carbon emissions (p50) increased steadily across all cities from 1990 to 2022.
• Relative uncertainty (CV) remained broadly stable, whereas absolute uncertainty

(standard deviation) increased with emission growth.
• High-emission cities exhibit larger absolute fluctuations, while low-emission cities

show smaller variations.
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Table A2. Carbon emission uncertainty statistics for 1990 (t CO2).

City p5 p50 p95 Mean Std. Dev. CV (%)

Taiyuan 1,123,456 1,236,782 1,350,894 1,236,781 101,416 8.20
Jincheng 890,123 979,135 1,068,901 979,134 73,435 7.50
Shuozhou 1,567,890 1,725,678 1,884,567 1,725,677 117,346 6.80
Jinzhong 1,890,123 2,080,123 2,271,456 2,080,122 149,769 7.20
Yuncheng 2,789,012 3,068,901 3,351,234 3,068,900 279,270 9.10
Xinzhou 2,345,678 2,580,123 2,817,890 2,580,122 159,968 6.20
Linfen 2,567,890 2,825,678 3,085,678 2,825,677 240,182 8.50
Lvliang 2,789,012 3,068,901 3,351,234 3,068,900 239,374 7.80
Datong 1,834,567 2,019,345 2,205,678 2,019,344 159,528 7.90
Yangquan 412,345 453,678 495,012 453,677 26,313 5.80
Changzhi 1,345,678 1,480,123 1,615,678 1,480,122 105,089 7.10

Table A3. Carbon emission uncertainty statistics for 2000 (t CO2).

City p5 p50 p95 Mean Std. Dev. CV (%)

Taiyuan 1,234,567 1,358,901 1,483,456 1,358,900 111,430 8.20
Jincheng 987,654 1,086,419 1,185,678 1,086,418 81,481 7.50
Shuozhou 1,678,901 1,847,890 2,017,890 1,847,889 125,656 6.80
Jinzhong 2,012,345 2,214,567 2,417,890 2,214,566 159,449 7.20
Yuncheng 2,901,234 3,192,345 3,485,678 3,192,344 290,503 9.10
Xinzhou 2,567,890 2,825,678 3,085,678 2,825,677 175,192 6.20
Linfen 2,789,012 3,068,901 3,351,234 3,068,900 260,857 8.50
Lvliang 2,901,234 3,192,345 3,485,678 3,192,344 249,003 7.80
Datong 1,934,567 2,129,345 2,325,678 2,129,344 168,218 7.90
Yangquan 456,789 502,467 548,901 502,466 29,143 5.80
Changzhi 1,456,789 1,602,467 1,749,012 1,602,466 113,775 7.10

Table A4. Carbon emission uncertainty statistics for 2010 (t CO2).

City p5 p50 p95 Mean Std. Dev. CV (%)

Taiyuan 1,345,678 1,480,123 1,615,678 1,480,122 121,370 8.20
Jincheng 1,085,678 1,194,246 1,303,456 1,194,245 89,568 7.50
Shuozhou 1,789,012 1,968,913 2,149,012 1,968,912 133,886 6.80
Jinzhong 2,134,567 2,348,024 2,563,456 2,348,023 169,058 7.20
Yuncheng 3,013,456 3,315,801 3,620,123 3,315,800 301,738 9.10
Xinzhou 2,789,012 3,068,901 3,351,234 3,068,900 190,272 6.20
Linfen 3,013,456 3,315,801 3,620,123 3,315,800 281,843 8.50
Lvliang 3,013,456 3,315,801 3,620,123 3,315,800 258,632 7.80
Datong 2,056,334 2,263,478 2,471,892 2,263,477 178,815 7.90
Yangquan 501,234 551,357 601,234 551,356 31,979 5.80
Changzhi 1,567,890 1,725,678 1,884,567 1,725,677 122,523 7.10

Table A5. Carbon emission uncertainty statistics for 2022 (t CO2).

City p5 p50 p95 Mean Std. Dev. CV (%)

Taiyuan 1,423,112 1,567,891 1,712,435 1,567,890 128,567 8.20
Jincheng 1,123,456 1,236,782 1,350,894 1,236,781 92,759 7.50
Shuozhou 1,834,567 2,019,345 2,205,678 2,019,344 137,315 6.80
Jinzhong 2,345,678 2,582,134 2,819,456 2,582,133 185,914 7.20
Yuncheng 3,456,789 3,805,467 4,156,789 3,805,466 346,297 9.10
Xinzhou 3,013,456 3,315,801 3,620,123 3,315,800 205,580 6.20
Linfen 3,456,789 3,805,467 4,156,789 3,805,466 323,465 8.50
Lvliang 3,456,789 3,805,467 4,156,789 3,805,466 296,826 7.80
Datong 2,056,334 2,263,478 2,471,892 2,263,477 178,815 7.90
Yangquan 532,178 585,892 639,876 585,891 33,982 5.80
Changzhi 1,678,945 1,848,327 2,018,934 1,848,326 131,231 7.10
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Appendix B.2. Stage 3 Efficiency Uncertainty

Table A6 presents the Monte Carlo uncertainty bands for Stage 3 efficiency, including
TE, PTE, and SE for 11 cities in Shanxi Province across 1990, 2000, 2010, and 2022. The
median values (p50) of TE generally range between 0.63 and 0.87, indicating room for
improvement in overall efficiency. PTE values are mostly higher than TE and, in some
cases, slightly exceed 1.0, reflecting the characteristics of the super-efficiency DEA models,
where certain cities surpass the reference frontier after adjusting for undesirable outputs.
SE shows notable regional differences, with lower values in energy-intensive northern
and western cities such as Shuozhou, Lvliang, and Xinzhou, suggesting suboptimal scale
configurations, while cities in the southern and central regions, such as Changzhi and
Jincheng, exhibit higher SE, indicating better scale optimization. The width of the p5–p95
ranges reflects the uncertainty captured by Monte Carlo simulation, generally varying from
0.05 to 0.55. Energy-intensive cities tend to exhibit higher uncertainty, highlighting sensitiv-
ity under nonlinear adjustments and super-efficiency estimation. Comparing the results
over time, TE and PTE fluctuations generally decrease, suggesting increased robustness of
efficiency measurement. Overall, these results provide a reliable basis for understanding
regional efficiency dynamics and can inform targeted policy and coordinated emission
-reduction strategies.

Table A6. Monte Carlo uncertainty bands for Stage 3 efficiency (TE, PTE, and SE) across cities (1990,
2000, 2010, and 2022).

City Year TE p5 TE p50 TE p95 PTE p5 PTE p50 PTE p95 SE p5 SE p50 SE p95

Taiyuan 1990 0.793 0.856 0.919 0.865 0.904 0.943 0.633 0.695 0.757
Taiyuan 2000 0.818 0.861 0.904 0.913 0.946 0.979 0.630 0.691 0.752
Taiyuan 2010 0.804 0.865 0.926 0.924 0.952 0.980 0.532 0.586 0.640
Taiyuan 2022 0.812 0.867 0.922 0.913 0.958 1.003 0.427 0.472 0.517
Datong 1990 0.693 0.730 0.767 0.829 0.866 0.903 0.506 0.564 0.622
Datong 2000 0.726 0.764 0.802 0.840 0.881 0.922 0.529 0.607 0.685
Datong 2010 0.713 0.768 0.823 0.851 0.894 0.935 0.472 0.517 0.564
Datong 2022 0.717 0.773 0.829 0.827 0.915 1.003 0.349 0.401 0.457
Yangquan 1990 0.701 0.742 0.784 0.854 0.889 0.924 0.523 0.571 0.622
Yangquan 2000 0.749 0.788 0.827 0.842 0.918 0.995 0.582 0.631 0.681
Yangquan 2010 0.729 0.793 0.857 0.863 0.922 0.981 0.471 0.517 0.566
Yangquan 2022 0.744 0.796 0.847 0.854 0.931 1.008 0.361 0.414 0.471
Changzhi 1990 0.717 0.771 0.825 0.795 0.865 0.935 0.479 0.516 0.553
Changzhi 2000 0.746 0.812 0.878 0.838 0.915 0.992 0.531 0.574 0.618
Changzhi 2010 0.747 0.817 0.886 0.829 0.921 1.013 0.412 0.456 0.502
Changzhi 2022 0.758 0.823 0.888 0.809 0.927 1.046 0.339 0.383 0.427
Jincheng 1990 0.713 0.783 0.854 0.803 0.914 1.025 0.512 0.556 0.601
Jincheng 2000 0.737 0.826 0.915 0.812 0.932 1.052 0.613 0.664 0.715
Jincheng 2010 0.730 0.831 0.933 0.838 0.938 1.038 0.458 0.505 0.555
Jincheng 2022 0.762 0.837 0.912 0.897 0.944 0.991 0.398 0.451 0.506
Shuozhou 1990 0.628 0.705 0.784 0.791 0.847 0.903 0.392 0.442 0.492
Shuozhou 2000 0.686 0.741 0.797 0.800 0.869 0.939 0.472 0.517 0.563
Shuozhou 2010 0.652 0.725 0.798 0.780 0.876 0.972 0.421 0.466 0.512
Shuozhou 2022 0.627 0.693 0.760 0.789 0.889 0.989 0.311 0.357 0.405
Jinzhong 1990 0.693 0.736 0.779 0.772 0.867 0.962 0.423 0.468 0.512
Jinzhong 2000 0.691 0.754 0.818 0.772 0.880 0.988 0.467 0.512 0.559
Jinzhong 2010 0.673 0.748 0.823 0.775 0.887 0.999 0.382 0.428 0.474
Jinzhong 2022 0.714 0.749 0.784 0.819 0.901 0.983 0.310 0.356 0.402
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Table A6. Cont.

City Year TE p5 TE p50 TE p95 PTE p5 PTE p50 PTE p95 SE p5 SE p50 SE p95

Yuncheng 1990 0.640 0.687 0.734 0.749 0.835 0.921 0.398 0.443 0.488
Yuncheng 2000 0.675 0.728 0.781 0.749 0.860 0.971 0.462 0.507 0.554
Yuncheng 2010 0.641 0.718 0.796 0.654 0.870 1.086 0.382 0.428 0.475
Yuncheng 2022 0.586 0.633 0.680 0.606 0.882 1.158 0.271 0.315 0.362
Xinzhou 1990 0.618 0.645 0.672 0.747 0.815 0.883 0.334 0.377 0.420
Xinzhou 2000 0.645 0.676 0.707 0.770 0.836 0.902 0.371 0.414 0.457
Xinzhou 2010 0.628 0.668 0.708 0.748 0.845 0.942 0.329 0.372 0.415
Xinzhou 2022 0.613 0.656 0.699 0.757 0.852 0.947 0.285 0.327 0.369
Linfen 1990 0.702 0.758 0.814 0.827 0.893 0.959 0.429 0.475 0.521
Linfen 2000 0.719 0.780 0.841 0.828 0.907 0.986 0.519 0.566 0.613
Linfen 2010 0.632 0.702 0.772 0.723 0.914 1.105 0.341 0.386 0.431
Linfen 2022 0.642 0.702 0.762 0.781 0.917 1.053 0.310 0.351 0.396
Lvliang 1990 0.678 0.736 0.794 0.811 0.880 0.949 0.458 0.503 0.548
Lvliang 2000 0.695 0.754 0.813 0.820 0.893 0.966 0.501 0.546 0.593
Lvliang 2010 0.634 0.681 0.728 0.812 0.901 0.990 0.379 0.423 0.467
Lvliang 2022 0.599 0.679 0.759 0.823 0.904 0.985 0.310 0.352 0.395

Appendix B.3. Rank Stability

Table A7 presents the Spearman’s rank correlations of Stage 3 median efficiency
rankings across benchmark years for technical efficiency TE, PTE, and SE. The correlations
are generally high, with TE ranging from 0.747 to 0.963, PTE from 0.873 to 0.952, and SE
from 0.785 to 0.948, indicating that city-level rankings are largely stable over time. The
slightly lower correlations observed in certain year comparisons, particularly TE between
1990 and 2010 (0.747) and SE between 2010 and 2022 (0.840), suggest that while overall
efficiency patterns remain robust, some shifts in relative performance occur due to changes
in scale configuration, technology adoption, or regional development. Overall, these high
rank correlations confirm that the Stage 3 efficiency results are reliable and that the Monte
Carlo median rankings are consistent with the baseline evaluation, providing confidence in
the robustness of the efficiency assessment.

Table A7. Spearman rank correlation of Stage 3 median rankings across benchmark years (TE, PTE,
and SE).

Measure 1990 vs. 2000 1990 vs. 2010 2000 vs. 2022 2010 vs. 2022

TE 0.963 0.747 0.943 0.927
PTE 0.873 0.873 0.952 0.927
SE 0.936 0.785 0.948 0.840

Appendix C. Software Tools and Applications
This study employed a suite of specialized software tools to ensure robust and state-

of-the-art analyses across different stages of the research. Each tool was selected for its
specific advantages in addressing the intended tasks. The following descriptions justify
the choice of each tool by highlighting its benefits compared to alternatives and citing its
application in prior literature.

Appendix C.1. ArcGIS

Purpose: ArcGIS was used for all geospatial data processing, spatial statistics, and
visualization, including the calculation of individual and composite land use dynamic
degrees, land use transfer matrices, and spatial autocorrelation analyses (Global and Local
Moran’s I) to detect clusters and outliers of carbon emissions.
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Advantage and Differentiation: ArcGIS provides an integrated environment for han-
dling large-scale raster and vector datasets, performing complex spatial analyses, and
producing high-quality cartographic outputs. Its Spatial Statistics Toolbox allows seamless
integration of data management, analysis, and visualization, which is more convenient and
efficient than using separate GIS or statistical tools [66,67].

Application in this study: Generated land use change data (Figures 3 and 4), spatial
distribution maps of carbon emissions (Figure 6), and LISA cluster analysis (Figure 7).

Appendix C.2. Frontier 4.1

Purpose: Frontier 4.1 was used for Stage 2 Stochastic Frontier Analysis (SFA), re-
gressing DEA input slack variables against environmental factors to separate managerial
inefficiency from statistical noise.

Advantage & Differentiation: Optimized for SFA, Frontier 4.1 provides robust
maximum-likelihood estimation and ensures comparability with seminal efficiency studies,
outperforming general statistical software (e.g., stata 18.0, R 4.4.2) in SFA computations [68].

Application in this study: Produced all SFA regression results (Table 5), including
coefficients, significance tests, variance parameters γ, and log-likelihood values.

Appendix C.3. MaxDEA

Purpose: MaxDEA was used to solve Slacks-Based Measure (SBM) and Super-SBM
models with undesirable outputs in both Stage 1 and Stage 3 efficiency analysis.

Advantage and Differentiation: MaxDEA is specifically designed for advanced DEA
models. It handles undesirable outputs and super-efficiency calculations with high nu-
merical stability, simplifying non-radial and non-oriented model computations that are
otherwise computationally intensive [66].

Application in this study: Generated TE, PTE, and SE scores for 11 cities across four
time points (Figures 9–11).

Appendix C.4. Python (XGBoost, SHAP, SciPy)

Purpose: Python was used for two main purposes:

1. Machine Learning & Interpretable AI: Implemented XGBoost models and computed
SHAP values to reveal non-linear relationships and interactions among driving factors.

2. Statistical Analysis: Data preprocessing, Welch’s t-test, and visualization of statistical
results.

Advantage and Differentiation: The XGBoost + SHAP framework provides state-of-
the-art interpretability in machine learning, surpassing traditional variable importance
metrics by revealing interactions and non-linear effects [69,70]. SciPy allows reproducible,
flexible statistical testing that integrates smoothly into automated workflows, compared to
GUI-based alternatives like SPSS 27.0.

Application in this study: Bootstrap analysis of feature importance (Figure 11) and
visualization of variable interaction effects (Figure 12).
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