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Low-carbon energy transition is an inevitable requirement of the concept of
green development, reflecting the imperative to rationalize the metabolic
exchange between humanity and nature. As a driver of new quality productive
forces, artificial intelligence (Al) propels the green transformation of energy
systems yet also raises concerns over “technological alienation”. This reveals
its dual potential within specific production relations. However, systematic
evidence remains lacking on whether climate resilience can moderate this
tension. Using panel data from 269 prefecture-level cities in China
(2008-2022), this study constructs a panel fixed-effects model that
incorporates a quadratic term for Al development level and its interaction
term with climate resilience. The moderating effect model is employed to
examine how climate resilience influences the relationship between Al
development and the low-carbon energy transition. Findings reveal that Al
development initially inhibits but later facilitates energy decarbonization, while
climate resilience significantly shifts the inflection point leftward, enabling highly
resilient regions to bypass the initial suppression phase earlier. This illustrates how
adaptive production relations can steer productive forces toward ecologically
rational outcomes. Heterogeneity analysis further indicates this moderating
effect is more pronounced in non-eastern regions, areas outside the Yangtze
River Economic Belt, old industrial base regions and the Yellow River basin,
aligning with the law of uneven development. By integrating asset lifecycle theory
with digital technology, this study underscores climate resilience’s vital function
in mitigating negative technological externalities and facilitating the
rationalization of human-nature material metabolism. The findings provide
theoretical and policy guidance for leveraging technology to empower green
transformation and formulating regionally differentiated strategies to advance Al-
driven decarbonization.

artificial intelligence development, climate resilience, green development, low-carbon
energy transition, moderating effect
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1 Introduction

Advancing the low-carbon energy transition of energy systems
through large-scale integration of renewable energy and enhanced
energy efficiency represents a critical pathway for addressing carbon
emissions (Kong and Bai, 2023; Shen et al., 2024), as seen in key
initiatives like the European Green Deal and the U.S. Infrastructure
Investment and Jobs Act. Within this process, technology is
recognized as one of the core drivers for achieving carbon
neutrality (Zhao et al., 2025). General Secretary Xi Jinping has
repeatedly emphasized the need to “deepen the application of
digital technologies such as artificial intelligence (AI)” and “build
a clean, low-carbon, safe, and efficient energy system.” This framing
establishes a solid policy foundation for integrating digital intelligent
technologies into the energy revolution. Artificial intelligence
technology is viewed as a key tool for advancing the low-carbon
energy transition of energy systems, yet its actual impact exhibits
significant duality: On one hand, it can serve as a catalyst for the low-
carbon energy transition by intelligently optimizing energy
management and substantially enhancing system efficiency
(Balaprakash and Dunn, 2021). On the other hand, AI itself can
be carbon-intensive, especially during the initial deployment phase,
due to high computational energy demands and reliance on carbon-
heavy electricity grids (Kumari and Pandey, 2023). Effectively
regulating the actual carbon impact of Al in energy transition to
maximize its positive benefits has become a critical research topic in
both international and regional contexts.

Despite its dual carbon impact, Al remains a key driver of the
Fourth Industrial Revolution and holds great promise for the energy
transition. Al is reshaping the global economic landscape and social
structures with unprecedented depth and breadth (Lee et al., 2024).
Through its powerful capabilities in data processing, pattern
recognition, predictive analytics, and decision optimization, Al
technology provides revolutionary tools for tackling complex
challenges across industries (Rane et al., 2024). Particularly in the
energy sector, Al is regarded as a key enabling technology to
accelerate the low-carbon energy transition (Serban and Lytras,
2020). Applications span optimizing generation forecasting and
grid integration for intermittent renewables like wind and solar
(Bhuiyan et al.,, 2025), enhancing energy efficiency in buildings,
transportation, and industry (Lin and Yang, 2025; Zhou and Liu,
2024), to advancing the sophisticated management of smart grids,
energy storage systems, and virtual power plants (Kong et al., 2024),
and even accelerating the R&D process for new clean energy
materials (Tabor et al, 2018), the application potential of Al
permeates nearly every link in the energy value chain.

Marx’s historical materialism reminds us that technology is “by
no means a simple factor of the productive forces, but rather the
technical apparatus through which the relations of production
1987) The ecological
implications of AI hinge on its production dynamics, which are

reproduce themselves.” (Hoch et al,

in turn influenced by material conditions. In reality, both AT itself
and the energy infrastructure it depends on are deeply embedded in
a physical environment that is increasingly affected by climate
change. Consequently, this impact is constrained by the capacity
of that environment to withstand climate shocks, that is, by its
climate resilience. Furthermore, the entire lifecycle of AI, from

research and development through training to large-scale
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deployment, relies heavily on a continuous, stable supply of
energy and physical infrastructure (Alzoubi and Mishra, 2024).
These systems, however, face severe challenges from climate
change (Schwartzman, 2025). Climate resilience thus emerges not
merely as an external factor but as a fundamental systemic attribute
that directly regulates the extent to which AI can achieve carbon
performance (Devarapalli, 2025). The IPCC emphasizes that
measures such as investing in infrastructure and capacity are
essential to adapt to projected climate impacts, making the
building of climate-resilient societies a core task for ensuring
sustainable development. Defined as the capacity to cope with
climate variability (Barati et al., 2024), climate resilience may
therefore serve as a critical mediating factor in the relationship
between AI development and the low-carbon energy transition. A
city with high climate resilience can provide foundational
infrastructure support for low-carbon Al operations (Rane et al.,
2024). Nevertheless, robust empirical evidence and theoretical
frameworks are still lacking to demonstrate whether climate
resilience systematically mediates AI's impact on the transition to
low-carbon energy.

Given this context, this paper employs fixed-effects and
moderating models to examine the impact of climate resilience
on the relationship between AI development and low-carbon energy
transition using balanced panel data from China’s prefecture-level
cities from 2008 to 2022. The findings reveal that AI exhibits a
dynamic pattern of “initial suppression followed by promotion” in
energy structure transformation. Climate resilience significantly
shifts the inflection point of the original curve to the left,
enabling highly resilient regions to bypass the initial suppression
phase of the transition earlier. Heterogeneity analysis further
indicates that this moderating effect is more pronounced in non-
eastern regions, old industrial base regions and the Yellow River
basin and areas outside the Yangtze River Economic Belt.

The marginal contribution of this paper lies in: First, it explains
the key moderating role of climate resilience in the nonlinear
mechanism through which AI development influences low-carbon
energy transition, revealing the “context-dependence” of technology-
enabled effects and expanding the research boundaries of climate
governance and digital technology integration. Second, by modeling
the impact of climate resilience on the relationship between AI
development and low-carbon energy transition, it aids in
understanding and addressing carbon footprints associated with
large language model training and the AI development process
itself (Pimenow et al., 2024). Furthermore, the identification of
effects
empirical evidence for formulating context-specific policies,
thereby promoting a just and efficient nationwide low-carbon

spatially heterogeneous moderating provides robust

energy transition. Third, it refines the measurement framework
for climate resilience, offering a reference tool for related research.

2 Literature review

2.1 Artificial intelligence development and
low-carbon energy transition

Al such as machine learning, deep learning, and computer
vision, is being applied to the automated management and
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optimization of complex systems (Chen et al, 2021). The
widespread adoption of Al is driving technological innovation,
productivity gains, and socioeconomic development across
industries (Ahmad et al., 2021; Zavyalova et al., 2023; Ding et al,,
2024). In the energy sector, Al is recognized as a key enabling
technology with the potential to optimize systems. Its application
helps in managing intermittent renewable energy sources,
enhancing grid stability, and improving energy efficiency (Nam
et al., 2020; Viskovi¢ et al., 2022; Lu et al., 2023; Saldanha et al., 2024;
Wang et al., 2024b; Wang et al., 2025). However, Al itself is also an
energy-intensive technology (Wang et al., 2024c). The development
and operation of large-scale deep learning models consume
substantial computational resources, directly translating into
significant energy consumption and carbon emissions (Strubell
et al, 2019). This creates a core contradiction: technologies
designed to drive decarbonization may themselves become a
major new source of energy demand, potentially challenging
global efforts to reduce coal consumption and transition towards
sustainable energy systems (Bogdanov et al., 2021; Shi et al., 2021).

This contradiction has led to divergent assessments of its net
impact within academia, with empirical studies revealing a series of
complex and nonlinear relationships. Some research identifies a “U-
shaped” effect, suggesting that AD’s positive impacts may diminish at
advanced stages (Zhao et al., 2024), while other studies support a
“suppression-then-promotion” pathway, indicating that high
carbon costs in the early stages may temporarily hinder the
transition (Lee and Yan, 2024). Such nonlinear dynamics can be
partially explained by mechanisms like the “energy rebound effect”
(Xu et al,, 2025). However, these explanations largely implicitly
assume a stable external energy system and physical environment.
This assumption overlooks how climate change increasingly
threatens the reliability of the system’s foundations. Thus, a
central theoretical and practical question emerges: Does the
system’s “climate resilience”—its capacity to withstand climate
shocks and ensure sustained operation—modulate the nonlinear
relationship between AI development and low-carbon energy
transition? Specifically, does it influence the critical inflection
points and pathways from “inhibition” to “promotion”? Existing
literature has yet to conduct systematic empirical tests of this
moderating effect. Addressing this gap constitutes the core
contribution of this study.

2.2 Climate resilience

Against the backdrop of global climate change, the frequency
and intensity of climate-related disasters is increasing, with their
impacts permeating multiple socioeconomic dimensions (Abbass
etal., 2022). Climate change not only directly threatens urban safety
and public health (Saeced et al, 2021) posing particularly severe
challenges to rapidly urbanizing developing countries (Balk et al.,
2009; Satterthwaite et al., 2012) but also exerts profound impacts on
energy systems and economic development through a series of
cascading effects.

The physical impacts of climate change directly threaten the
infrastructure underpinning the energy transition. For instance,
rising temperatures, extreme winds, sea-level rise, and reduced
precipitation may affect the output and reliability of renewable

Frontiers in Environmental Science

10.3389/fenvs.2026.1765675

energy sources (Osman et al, 2022). Such climate shocks
frequently trigger power shortages, leading to multidimensional
economic consequences: Power shortages not only reduce total
factor productivity in enterprises (Guo et al., 2023) and increase
corporate carbon emission intensity (Yu et al, 2023), but also
negatively impact export profits (Bao et al, 2024). Developing
renewable energy has proven to be a crucial pathway for
mitigating energy insecurity and supporting economic growth
(Xu et al, 2021). However, a key transition risk lies in the
potential disruption of global efforts to limit coal consumption if
new major energy-intensive sectors emerge (Shi et al, 2021),
highlighting the dual challenge of maintaining energy system
stability while steering toward low-carbon pathways.

In response to this systemic threat, building climate
resilience—the capacity of social, economic, and environmental
systems to withstand and adapt to climate disturbances while
maintaining core functions—is recognized as a more effective
strategic framework than implementing discrete adaptation
measures (Tyler and Moench, 2012). Existing research on climate
resilience has primarily focused on urban planning (Davoudi et al.,
20125 Zhong and Li, 2023), disaster risk management (Hung et al.,
2024), or the adaptability of specific infrastructure (Piemontese
et al., 2024). However, its role in the critical process of low-
carbon energy transition—particularly how it modulates the
practical efficacy of digital technologies (such as AI) within this
transition—remains under-explored (Lakhouit, 2025). This research
gap implies that the theoretical role and empirical mechanisms of
climate resilience as a potential key moderator variable linking
climate risk, energy system stability, and technology-enabled low-
carbon transition remain unclear.

2.3 Critical review

In summary, existing research has separately revealed the
nonlinear characteristics of Al-driven low-carbon transformation
and the threats posed by climate risks to energy system stability.
However, these two strands have yet to be effectively connected. The
vast majority of literature assesses AI’s impact by treating it as an
abstract technology detached from specific material conditions. This
approach fails to incorporate climate resilience—a core capability
ensuring the sustained operation of systems—into the analytical
framework as a key variable regulating the dynamic relationship
between AI and the low-carbon energy transition. Consequently,
systematically examining the moderating role of climate resilience in
this relationship has become a central theoretical question
demanding empirical validation. This study aims to fill this gap.

3 Mechanism of influence

3.1 The relationship between artificial
intelligence development and low-carbon
energy transition

The impact of AT development on low-carbon energy transition

is not linear but stems from the dynamic equilibrium between its
dual attributes as both an “energy-intensive technology” and an
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“enabling technology,” exhibiting a phased pattern of “initial
suppression followed by subsequent promotion.” Technological
factors can positively or negatively influence carbon emissions,
ecological footprint, and energy transition (Wang et al., 2024a).
In the early stages, AT’s high energy consumption and carbon
emissions pose the primary contradiction: taking China as an
example, under a coal-dominated energy structure, the surge in
large-scale AI computing power directly translates into significant
fossil fuel consumption, imposing a net burden on system
decarbonization (Yu et al, 2021; Kumari and Pandey, 2023).
However, as the technology matures, its enabling effects will
surpass its own energy consumption to dominate the
transformation process. This manifests primarily in two ways:
First, direct energy savings and system optimization, such as
using machine learning for precise regulation of building energy
use or leveraging IoT to optimize urban energy flows (Balaprakash
and Dunn, 2021; Goulart Tavares et al., 2021); Second, there should
be comprehensive energy efficiency gains across industrial chains.
The integration of AI and IoT significantly enhances efficiency in
critical sectors like manufacturing and logistics (Fathi and
Srinivasan, 2019; Gao et al, 2025). Their application extends
further into scenarios such as wastewater treatment and ocean
shipping, continuously unlocking energy-saving and carbon-
reduction potential (Nam et al., 2020; Waltersmann et al., 2021;
Abuella et al., 2023), fully demonstrating the vast prospects of
intelligent systems driving deep decarbonization (Inderwildi
et al., 2020).

Thus, the impact of AI development on the low-carbon energy
transition is not linear but follows a pattern of initial suppression
followed by promotion. This paper therefore proposes the following
hypothesis 1: The impact of AI development on the low-carbon
energy transition exhibits a dynamic pattern—initially negative,
then positive.

3.2 The relationship between climate
resilience and the effects of artificial
intelligence development on low-carbon
energy transition

Integrating Marxist political economy with asset lifecycle theory
reveals that climate resilience, by transforming the material
conditions of production, ensures the sustained realization of
AT’s productive potential within the low-carbon transition. From
the perspective of asset lifecycle theory, the core value of climate
resilience lies in its ability to systematically enhance the positive
contribution of Al assets to the low-carbon energy transition while
reducing resistance throughout their entire lifecycle. This theory
emphasizes that asset evaluation must cover the full cycle from
planning, construction, and operation to maintenance and
decommissioning (Treloar et al., 2000). It requires considering
not only construction costs but also operation and maintenance
risks. The “Limits to Growth” framework suggests that without
climate resilience, the expansion of AI will face constraints. These
include not only traditional resources like computing power and
data but also energy and infrastructure bottlenecks intensified by
climate shocks (Meadows et al., 1972). From an energy supply
perspective, climate shocks such as extreme weather increasingly
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threaten energy availability. This amplifies the high-carbon footprint
of Al development (Gongalves et al., 2024). Power shortages
triggered by extreme weather are becoming more frequent. Many
regions globally, including coal-dependent China, often rely on
high-carbon power units to meet peak demand during shortages
(Zhao et al., 2025). This reinforces carbon lock-in within power
systems and delays the shift to cleaner alternatives. Regarding
infrastructure, climate change directly threatens physical security
and triggers cascading functional failures. Shocks like floods
submerging data centers or heatwaves disrupting cooling systems
can cause operational halts and damage to hardware (Pasupuleti,
2025). This disruption halts the green services enabled by Al,
resulting in severe “transition opportunity losses.” These losses
refer to the unrealized transformative benefits—such as energy
efficiency gains and renewable integration—that AI optimization
could have delivered, thereby objectively slowing the overall
decarbonization of the system.

However, embedding climate resilience from the outset of an
asset’s lifecycle changes this dynamic. Proactive measures include
selecting sites to avoid high-risk areas, adopting higher-standard
protective designs, and building flexible distributed energy systems.
These significantly enhance an asset’s stable operation under climate
stress. Investing during planning and construction addresses the
climate stresses the asset will face over decades of operation. The
core benefit is a substantial reduction in the frequency and severity
of climate-induced operational disruptions. This safeguards the
continuity and reliability of Al-driven low-carbon services. The
manifest as climate-related

advantages significantly fewer

operational interruptions, less high-carbon regression, and
minimized loss of service functionality over the asset’s full
lifecycle. This reduces recurring high-carbon setbacks caused by
climate impacts. By ensuring the continuous, stable delivery of Al-
powered low-carbon services, climate resilience minimizes
unnecessary disruptions to the energy system’s transition. It
significantly increases the net positive benefits of AI as a
transformational enabler and accelerates its contribution to deep
decarbonization.

Based on the logic that “front-end resilience investments reduce
back-end risk costs,” this paper proposes the following hypothesis 2:
Higher climate resilience shortens the net suppression phase of Al
and accelerates the emergence of its transformative benefits at earlier

developmental stages.

4 Model construction and variable
description

4.1 Model construction

This study first examines whether AI development has a
nonlinear relationship with the low-carbon energy transition, and
the model is constructed as shown in Equation I:

oy 2
transition; = ay + a1 Al + 0, AL + Z GjControlﬁ, + v+ gy

1

Among these, transition; denotes the low-carbon energy
transition, AI; represents AI development, a, is the core
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estimated coefficient, and Control;; constitutes the series of control
variables. Additionally, a, denotes the constant term, y; and v,
represent city-specific and time-specific fixed effects respectively,
while ¢;, constitutes the random error term.

Furthermore, this paper constructs a panel fixed-effects model
that incorporates a quadratic term for AI development level and its
interaction term with climate resilience, as shown in Equation 2. It
examines whether climate resilience influences the relationship
between AI development and the low-carbon energy transition
by constructing the following model:

transition; = ay + 0y Al + 0y AL + azClimaresily;
+ayClimaresily, x Al + asClimaresil;,
X AIft + Z 0;Controlji + p, + v, + & 2)

Among these, transition; denotes the low-carbon energy
transition, A, represents AI development, Climaresil;, signifies
climate resilience, and as is the core parameter to be estimated.
Control;;; denotes the series of control variables. Additionally, «
denotes the constant term, y; and v, represent city-specific and time-
specific fixed effects respectively, while ¢&; constitutes the
random error term.

4.2 Variable declaration

4.2.1 Dependent variable

Low-Carbon Energy Transition (transition). Low-carbon energy
transition refers to the continuous process of optimizing and
adjusting dominant energy sources toward low-carbon
alternatives through substitution and complementarity. As China
accelerates the clean transformation of energy consumption, its
energy structure exhibits an adjustment trend characterized by
replacing  high-carbon  sources with green, low-carbon
alternatives. Therefore, relying solely on the proportion of coal or
clean energy consumption to measure the progress of low-carbon
energy transition is inadequate. Therefore, this paper adopts the
methodology proposed by Fu (2010) to construct an index
measuring the low-carbon energy transition. Considering data
availability, this paper categorizes energy sources into coal, oil
and gas, and other energy sources, and their respective shares are
treated as components of a spatial vector, forming a set of three-
dimensional vectors: E; = (e!, e?,€?).

Then, as shown in Equation 3, calculate the angles 6}, 67, 6;
between E; and the vectors of energy consumption arranged from
high carbon to low E} = (1,0,0),

E%=(0,1,0), E} = (0,0,1):

Z?:I (e x &)
(21‘3:1 (ef)z x Zis:l (%)2)

Finally, as shown in Equation 4, the angles between all vectors

carbon

0/ = arccos n=1273 3)

12

are weighted to form the low-carbon energy transition Index
transition, with the specific calculation formula shown below:

transition = iie:' (4)

s=1t=1
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4.2.2 Independent variable

Artificial Intelligence Development (AI). This paper adopts the
methodology of Wei et al. (2020), using the logarithm of the stock of
AT enterprises as an indicator of AI development.

4.2.3 Moderating variable

Climate Resilience (Climaresil). Initially defined as “the capacity
of societies, economies, and ecosystems to respond to climate events,
trends, or disturbances,” climate resilience has evolved through
research from a singular concept of disaster resistance into a
stability,
adaptability, and transformative capacity. This study, through

comprehensive  framework —encompassing  system
reviewing relevant literature (Tyler et al., 2016; Summers et al,
2017; Li and Wang, 2023; Wang and Chen, 2024), finds that most
climate resilience indicator systems are extensions of urban
resilience frameworks applied to climate contexts. This approach
lacks temporal dynamics and process orientation. Aligning with the
definition of climate resilience, this study constructs a framework
organized chronologically—pre-disaster, during disaster, and post-
disasterv—to capture capabilities across different stages of climate
disaster response. The framework comprises four primary
indicators: “Predictive Capacity,” “Adaptation and Response

» <«

Capacity,” “Stability and Recovery Capacity,” and “Learning and
Transformation Capacity.” Entropy analysis is employed to measure
climate resilience across prefecture-level cities, with specific

secondary indicators are detailed in Table 1.

4.2.4 Control variables

This study follows the methodology of previous research
(Shahbaz et al, 2022; Feng et al., 2024; Xu et al, 2025) by
selecting the following control variables: Industrial Structure
Upgrading, Fiscal Pressure, Financial Development, Highway
Freight Volume, Sulfur Dioxide Concentration, and Urbanization.

4.3 Data sources

This study examines 269 municipal-level administrative regions
from 2008 to 2022, with data primarily sourced from four categories.
Low-carbon energy transition data originate from the China Energy
Statistical Yearbook, provincial statistical yearbooks, and municipal
statistical yearbooks. AI development data are derived from China
FIR robotics data and the China AI Enterprise Database. Climate
resilience data includes: Fixed asset investment in municipal public
infrastructure construction (10,000 yuan), local general public
budget expenditure (100 million yuan), number of higher
education students per 10,000 people, and general public budget
expenditure on science and technology as a percentage of GDP (%)
are sourced from the National Statistical Yearbook, provincial
statistical yearbooks, municipal statistical yearbooks, and the
Urban Statistical
television program population coverage (%) is sourced from

Construction Yearbook. Comprehensive
provincial statistical yearbooks, economic statistical yearbooks,
and municipal statistical bulletins on national economic and
social development. Green patent applications (units) are sourced
from the China National Research Data Service (CNRDS). Industrial
structure rationalization is calculated using data from provincial
statistical yearbooks and municipal statistical yearbooks. Control
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TABLE 1 Municipal climate resilience index system.

First-level indicators

10.3389/fenvs.2026.1765675

Secondary indicators

Predictive capacity

Comprehensive television program population coverage

Number of mobile phone users at year-end

Number of internet users

Adaptation and response capacity

Per capita urban road area

Number of hospital beds per 10,000 population

Per capita regional GDP

Number of employees in public administration and social organizations

Stability and recovery capacity

Drainage pipeline density in built-up areas

Fixed asset investment in municipal public infrastructure construction

Local general public budget expenditure

Learning and transformation capacity

Number of higher education students per 10,000 people

General public budget expenditure on science and technology as a percentage of GDP

Green patent applications

Industrial structure rationalization

TABLE 2 Descriptive statistics analysis of variables.

Variable Variable definition Std. Dev.

transition Low-carbon energy transition index 4,035 5.085 0.434 3.473 7.574

Al Level of AI development 4,035 4.737 1.922 0.000 11.293

Climaresil Climate resilience 4,035 0.060 0.034 0.025 0.156

ISU Industrial structure upgrading 4,035 1.017 0.585 0.139 5.650

FP Fiscal pressure 4,035 0.457 0.223 0.055 1.541

FD Financial development 4,035 1.443 0.689 0.371 20.100
HFV Highway freight volume 3,975 11478.640 13378.120 213.000 292426.000
SO, Sulfur dioxide concentration 4,030 38021.030 48488.890 2.000 627238.000

URBAN Urbanization 4,035 0.549 0.159 0.131 1.178

variables are sourced from provincial statistical yearbooks and
municipal statistical yearbooks. Cities with excessive missing
values were excluded from this study. The data can be found in
the Supplementary Data Sheet 1. Descriptive statistics for each
variable are presented in Table 2.

5 Results
5.1 Benchmark regression analysis

Table 3 presents the results of the benchmark regression in
columns (1) to (4). In terms of model specification, columns (1) and
(2) do not include time or individual fixed effects, while columns (3)
and (4) incorporate both. The preliminary results in columns (1) to
(3) show that the squared term of AI development (A*) has a

Frontiers in Environmental Science

positive coefficient for low-carbon energy transition (transition),
which is significant at the 10% level. After introducing additional
control variables to reduce omitted variable bias, the coefficient of
the squared term of AI development (AI?) on low-carbon energy
transition (transition) is 0.006 and significant at the 5% level. This
suggests a potential nonlinear relationship between Al development
and the low-carbon energy transition. Following the three-step test
by Lind and Mehlum, the U-test identifies an inflection point at
4.959 within the observed range of AI development. The slope of the
curve is negative to the left of this point and positive to the right. The
slopes on both sides are significant and opposite in direction,
confirming the nonlinear pattern. The overall test is significant at
the 5% level. The presence of this inflection point indicates that
when AI development is below 4.959, it inhibits the low-carbon
energy transition. Once AI development exceeds this threshold, it
exerts a positive driving effect. During the sample period,
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TABLE 3 Benchmark regression results.

10.3389/fenvs.2026.1765675

Variable (1) (2) (3) (4)
Transition Transition Transition Transition

Al -0.055 ~0.054 ~0.067* -0.057
(-1.512) (~1.500) (-1.721) (~1.426)
AP 0.007* 0.007%* 0.006%* 0.006%*
(1.860) (2.135) (2.067) (1.990)

ISU ~0.133* 0.030
(-2.413) (1.021)
FP -0.026 —0.277+
(~0.254) (-2.118)

FD 0.152%* 0.028
(2.678) (1.227)

HFV 0.000 0.000
(0.032) (1.348)

S0, 0.000%* 0.000
(4.064) (1.162)

URBAN -0.004 0.194
(~0.027) (1.612)
CONS 5.155%* 5.040%* 5.256%* 5.139%%*
(61.254) (55.029) (33.385) (28.931)

N 4,035 3,971 4,035 3,971
R 0.014 0.079 0.689 0.707
Utest 4.959%¢

*p < 0.1, **p < 0.05, **p < 0.001 Data in parentheses represent t-statistics rounded to three decimal places, with robust standard errors clustered at the city level.

approximately 86% of cities completed at least one transition from
left to right, indicating that the AI development in most Chinese
cities has crossed a critical inflection point. Therefore, hypothesis
one is supported: the impact of Al development on the low-carbon
energy transition follows a dynamic pattern—negative initially,
then positive.

5.2 Moderating effect analysis

This study examines the moderating role of climate resilience in
the relationship between AI development and the low-carbon
energy transition. The results are presented in column (1) of
Table 4. The interaction term between the quadratic term of Al
and climate resilience (Climaresil x AP) is significantly positive.
Following the criterion proposed by Haans et al. (2016), the
calculation o; X as-a; X oy = -0.001028 <0 confirms that an
increase in the moderating variable shifts the inflection point to
the left. This demonstrates a significant moderating effect of climate
resilience, thereby validating hypothesis 2: higher climate resilience
shortens the initial net inhibitory phase of AI and accelerates the
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emergence of its positive effects on the low-carbon energy transition
at earlier stages of development.

5.3 Robustness tests

This paper employs endogeneity tests, substitution of the
dependent variable, sample truncation at the 5% tail, and
exclusion of municipalities directly under the central government
to validate the robustness of the conclusions.

5.3.1 Endogeneity test

It should be noted that the model in this study may be subject to
endogeneity concerns. To further address this issue, we employ an
instrumental variable (IV) approach. Following the method of Chen
et al. (2025), which uses historical variables as instruments, we
construct an IV based on the 2006 urban built-up area drainage pipe
density for each city, interacted with an indicator for whether the
city was selected for a pilot policy in 2024. The selection of this IV is
justified for two main reasons. First, it satisfies the relevance
condition. Climate resilience development demonstrates strong
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TABLE 4 Moderating effect analysis.

10.3389/fenvs.2026.1765675

Variable ()] (3) (4)
Transition Newtransition Transition Transition

Al 0.016 -0.007 -0.022 0.046
(0.348) (-0.485) (-0.677) (0.873)

AP -0.003 0.001 0.001 ~0.006
(~0.656) (1.052) (0.451) (-1.195)

Climaresil 1.891 ~0.544 1.256 3.489*
(1.127) (-1.116) (1.539) (1.675)

Climaresil x Al -0.748 0.234 —0.421* —1.244*
(~1.493) (1.631) (-1.927) (~1.854)

Climaresil x AP 0.076* ~0.024* 0.042** 0.120**
(1.748) (~1.888) (2.094) (2.028)

ISU 0.013 -0.002 0.003 0.007
(0.476) (~0.218) (0.142) (0.264)
FP —0.274* 0.066* ~0.163* ~0.272%*
(-2.129) (1.671) (-1.827) (~2.100)

FD 0.027 -0.010 0.017 0.028
(1.246) (-1.264) (1.138) (1.261)

HFV 0.000 0.000 0.000 0.000
(1.296) (~1.360) (0.935) (1.275)

SO, 0.000 0.000 0.000 0.000*
(1.396) (0.100) (1.353) (1.819)
URBAN 0.258* ~0.095%* 0.161* 0.289**
(2.324) (-2.362) (1.747) (2.607)
CONS 4,969+ 0.866* 50570 48620
(26.699) (13.697) (37.309) (25.138)

N 3,971 3,971 3,971 3,911

R 0711 071 0.74 0.696

*p < 0.1, **p < 0.05, **p < 0.001 Data in parentheses represent t-statistics rounded to three decimal places, with robust standard errors clustered at the city level.

path dependence and state dependence. The 2006 drainage pipe
density and the 2024 pilot policy for deepening climate-resilient
city development are inherently correlated with subsequent levels
of climate resilience, ensuring instrument relevance. Second, the
exogeneity condition is also met. The 2006 drainage pipe density
is unlikely to have a direct effect on the low-carbon energy
transition after 2008. Similarly, the 2024 pilot policy could not
have influenced the transition before 2022. As these historical
variables are time-invariant, we interact with the lagged climate
resilience variable to form the instrument for regression
estimation.

Table 5 reports the Two-Stage Least Squares (2SLS)
regression results. The first-stage results confirm a significant
relationship between the instrumental variables and the core
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explanatory variable. The KP-F statistic is 10.19, which exceeds
the critical value of 8.96 at a 15% bias level, supporting the
strength of the instruments and satisfying the relevance
condition. In the second stage, after addressing endogeneity,
the interaction term between the quadratic term of AI and
climate resilience (Climaresil x AI’) remains significantly
positive. With oy x as-0, X ag = -0.02464 <0, an increase in
the moderating variable the inflection point continues to shift
to the left.

5.3.2 Substitution of the dependent variable

The dependent variable “low-carbon energy transition” was
replaced with “coal share.” If the regression result satisfies
indicate that climate resilience

ap X as-0p X a4 <0, it would
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TABLE 5 Endogeneity test.

Variable ()] (2)
First_stage 2SLS
Climaresil Transition
v 0.029*
(4.097)
Al 0.252*
(1.701)
AP -0.028*
(-1.788)
Climaresil 13.495*
(1.774)
Climaresil x AI —4.867*
(~1.850)
Climaresil x AP 0.443*
(1.900)
ISU -0.012
(-0.397)
FP -0.227
(~1.636)
FD 0.028
(1.220)
HFV 0.000
(1.089)
S0, 0.000
(0.475)
URBAN 0.265"*
(2.000)
CONS 0.058%*
(96.012)
KP-F 10.19
N 3,724 3,665

*p <0.1,**p <0.05, **p < 0.001 Data in parentheses represent t-statistics rounded to three
decimal places, with robust standard errors clustered at the city level.

significantly shifts the inflection point of the original curve to the
left. The regression results are presented in column (2) of Table 4.
The table shows that the interaction term between the quadratic
term of Al and climate resilience (Climaresil x AP) is significantly
negative, with a; x as-a; x a4 = -0.000066 < 0. This confirms that
enhanced climate resilience shifts the inflection point leftward. The
finding implies that in regions with higher climate resilience, Al
development reaches the turning point earlier. This accelerates the
decline in the share of coal consumption and thus speeds up the
decarbonization of the energy structure.
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5.3.3 Sample truncation at the 5% tail

To reduce the potential influence of outliers on the regression
results, the dependent variable was winsorized at the fifth percentile.
The corresponding regression results are shown in column (3) of
Table 4. As indicated in the table, the interaction term between the
quadratic term of AI and climate resilience (Climaresil x AIP)
remains significantly positive. The expression
a; X as-ap X og = -0.000503 <0 confirms that increasing the
moderator variable shifts the inflection point to the left. This
result demonstrates that after mitigating the distortion caused by

outliers, the main conclusions of the study continue to hold.

5.3.4 Exclude municipalities directly under the
central government

Municipalities directly under the central government differ
considerably from other prefecture-level cities in economic
structure, political influence, and resource allocation. These
distinct features may cause them to appear as outliers or extreme
values in research variables. To address this, municipalities are
excluded from the sample, and the regression is re-estimated.
The results are reported in column (4) of Table 4. As shown, the
interaction term between the quadratic term of AI and climate
resilience (Climaresil x AI?) remains significantly positive. The
calculation a; X as-ay X a4 = -0.001944 <0 indicates that raising
the moderator variable shifts the inflection point to the left. This
confirms that, even after reducing the potential distortion caused by
municipalities, the core findings of this paper remain valid.

5.4 Heterogeneity analysis

The Marxist theory of uneven development posits that the
advancement of productive forces and production relations often
exhibits systemic disparities characterized by asynchrony and
heterogeneity across different regions. China’s regions exhibit
significant disparities in economic development, technological
advancement, and policy frameworks. As a result, the moderating
effect of climate resilience on the AI and low-carbon energy
transition relationship may also vary spatially. Overlooking this
heterogeneity could lead to a distorted assessment of climate
resilience’s role and potentially worsn regional development
imbalances. A city’s geographical location serves as a composite
indicator, reflecting the combined influence of economic,
technological, and policy factors. Therefore, this study adopts
membership in the Yangtze River Economic Belt, urban location,
old industrial base regions and Yellow River basinas the analytical
framework to examine this heterogeneous impact. The sample is
grouped accordingly for heterogeneity analysis, and the regression
results are presented in Tables 6,7.

5.4.1 Yangtze river economic belt

The impact of climate resilience on the relationship between Al
and the low-carbon energy transition may also exhibit spatial
heterogeneity. To examine regional variations, this study divides
the sample areas into the Yangtze River Economic Belt and other
regions for further testing. The regression results are shown in
Table 6. After controlling for two fixed effects, the interaction term
between the quadratic term of AI and climate resilience
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TABLE 6 Heterogeneity analysis results.

Variable ()] (2) (3) (4)
Transition Transition Transition Transition

Al 0.045 0.048 -0.027 0.149%
(0.475) (0.878) (~0.400) (1.855)

AP 0.006 ~0.013** -0.001 -0.016
(0.637) (~2.030) (~0.200) (~1.508)

Climaresil 6.078 4777 2.063 8.498**
(1.641) (1.194) (0.503) (2.100)
Climaresil x Al ~1.693* -1.937% -0.82 —2.817**
(-1.904) (-1.725) (~0.833) (—2.441)
Climaresil x AP 0.094 0.202* 0.078 0.229*
(1.514) (2.559) (1.196) (2.776)

ISU -0.045 0.024 -0.018 0.071%
(~0.647) (0.842) (~0.607) (1.701)

FP —0.547%* 0.021 0.004 -0.19
(~2.401) (0.139) (0.033) (-0.959)

FD 0.054 0.012 0.016 0.017
(0.664) (0.783) (0.916) (0.209)

HFV 0.000 0.000 0.000 0.000
(1.290) (-0.447) (0.415) (1.344)

SO, 0.000 0.000 0.000 0.000
(0.264) (1.652) (0.779) (0.887)
URBAN 0.483 0.174 -0.019 0.599**
(1.455) (1.532) (<0.157) (2.725)
CONS 47424 49154 51470 4467
(10.934) (23.668) (20.7) (12.244)

P-value 0.108* 0.151%
N 1,539 2,432 1739 2,232
R 0.724 0.704 0.627 0.741

*p < 0.1, **p < 0.05, **p < 0.001 Data in parentheses represent t-statistics rounded to three decimal places, with robust standard errors clustered at the city level.

(Climaresil x AP) is significantly positive in regions outside the
Belt. The expression
a; X as-0y X oy = -0.015485 <0 indicates that climate resilience
shifts the inflection point to the left. In contrast, the
corresponding interaction term (Climaresil x AP) for the
Yangtze River Economic Belt is not statistically significant. One

Yangtze River Economic

possible explanation is that the Yangtze River Economic Belt, as a
core economic region in China, is more economically developed and
industrialized, and may have already entered a later stage of low-
carbon energy transition. AI applications in this region could be
relatively mature, reducing their marginal impact on the transition
and thus weakening the observable moderating effect of climate
resilience. In regions outside the Yangtze River Economic Belt,
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economic development is generally less advanced, and the low-
carbon energy transition is likely still in its early or middle stages.
Here, AI development of is more sensitive to the progress of the
transition. Climate resilience can shift the original inflection point
leftward because it helps these regions better withstand external
shocks during the transition, thereby amplifying the effects of AL

5.4.2 Eastern region

This paper divides the sample regions into eastern and non-
eastern areas for further heterogeneity analysis. The regression
results are presented in Table 6. After controlling for two fixed
effects, the interaction term between the quadratic term of Al
and climate resilience (Climaresil x AI’) in non-eastern regions
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TABLE 7 Heterogeneity analysis results.

10.3389/fenvs.2026.1765675

Variable (1) (2) (3) (4)
Transition Transition Transition Transition
Al 0.166 -0.003 0.157 0.020
(1.601) (~0.063) (1.041) (0.403)
AP -0.022 -0.001 -0.030* 0.001
(~1.558) (~0.219) (~1.968) (0.318)
Climaresil 9.430 1.694 6311% 0.656
(1.088) (0.917) (1.954) (0.373)
Climaresil x Al -3.935 -0.620 ~1.645% -0.619
(~1.427) (~1.213) (~1.755) (~1.199)
Climaresil x AP 0.380* 0.063 0.207** 0.061
(1.967) (1.416) (2.112) (1.376)
ISU -0.002 0.016 0.132* -0.025
(~0.035) (0.513) (1.772) (-0.827)
FP -0.250 -0.223 0.387 -0.366**
(-1.012) (-1.617) (1.064) (-2.543)
FD 0.025 0.052 -0.009 0.034
(1.037) (1.408) (~0.062) (1.313)
HFV 0.000 0.000 -0.000 0.000
(0.048) (1.283) (~0.853) (1.515)
S0? -0.000 0.000 0.000 0.000
(~0.270) (1.639) (0.257) (0.342)
URBAN 0.510°* 0.092 0.909** 0.164
(2.475) (0.638) (2.633) (1.347)
CONS 4,693+ 5.003°* 42094 50210
(10.854) (23.624) (6.534) (24.705)
P-value 0.318* 0.146*
N 1,317 2,654 1,053 2918
R 0.737 0.685 0.691 0.727

*p < 0.1, **p < 0.05, **p < 0.001 Data in parentheses represent t-statistics rounded to three decimal places, with robust standard errors clustered at the city level.

The
ap X as-ay X ag =-0.010951 <0 indicates that climate resilience
shifts the inflection point to the left. In contrast, the
corresponding interaction term (Climaresil x AI’) in eastern
regions is not statistically significant. This may be because

is significantly positive. calculation

energy systems in eastern regions, though large and complex,
benefit
Consequently, Al-driven optimization of these energy systems

from relatively  well-developed infrastructure.
can operate with relative stability even without additional
climate resilience measures, making the moderating effect of
climate resilience less pronounced. Non-eastern regions,

however, possess weaker energy infrastructure and more
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vulnerable systems. This makes them more susceptible to
disruptions from climate risks such as extreme weather. In
such contexts, improving climate resilience can significantly
enhance the potential of AI technologies.

5.4.3 Old industrial base regions

This study divides the sample area into old industrial base
regions and non-old industrial base regions for heterogeneity
analysis. The regression results are presented in Table 7. After
controlling for two fixed effects, the interaction term between the
quadratic term of Al and climate resilience (Climaresil x AP) in old
industrial base regions is significantly positive. The calculation
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a; X as-ay X ag = -0.025236 <0 indicates that climate resilience
shifts  the left. the
corresponding interaction term (Climaresil x AI’) in non-old

inflection point to the In contrast,
industrial base regions is not statistically significant. This may
stem from older industrial bases being in a “green transition
catch-up phase,” where the combination of AI and climate
resilience can more rapidly overcome technological or
institutional bottlenecks, yielding significant synergistic effects.
Non-older bases entered stable

development phase, where the interaction between the two

industrial may have a
factors has reached saturation or has yet to achieve economies

of scale.

5.4.4 Yellow river basin

This study divides the sample area into cities within the Yellow
River and those outside it for heterogeneity analysis. The regression
results are presented in Table 7. After controlling for two fixed
effects, the interaction term between the quadratic term of AI and
climate resilience (Climaresil x AI?) in cities within the Yellow River

is significantly positive. The calculation
a; X as-0ap X ag =-0.017499 <0 indicates that climate resilience
shifts the inflection point to the left. In contrast, the

corresponding interaction term (Climaresil x AI*) in other cities
is not statistically significant. This may stem from the complex
energy systems in Yellow River cities, which are highly vulnerable to
climate change impacts. Consequently, additional climate resilience
measures are required to ensure relatively stable operation of Al-
driven energy system optimization. Against this backdrop,
enhancing climate resilience significantly amplifies the application
potential of AI technologies.

6 Policy implications

This study empirically examines the moderating role of climate
resilience in the relationship between AI development and low-
carbon energy transition. It uses panel data from 269 prefecture-
level cities in China from 2008 to 2022. Key findings are as follows:
The impact of AI development on low-carbon energy transition
shows a significant nonlinear trend. This trend is characterized by
“initial suppression followed by promotion.” Climate resilience is a
core capability for addressing climate risks. It significantly shifts the
inflection point of this curve to the left. Heterogeneity analysis
reveals significant spatial variation in this moderating effect.

This study reveals that climate resilience, as an embodiment of
adaptive production relations, effectively guide Al
technology—a new form of productive force—toward ecological

can

rationality. Based on these findings, the paper proposes the following
policy recommendations: First, according to the key findings, the
effect of Al on the low-carbon energy transition follows a dynamic
pattern, initially negative, then positive. Therefore, evaluations must
move beyond static perspectives. Governments should establish
long-term, dynamic observation and assessment frameworks.
Strategic patience is essential in the early stages. Even if the
energy consumption structure faces temporary pressure,
continued investment in AI R&D and infrastructure remains
crucial. This investment will unlock AT’s full long-term emission

reduction potential.
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Second, national and local governments should explicitly make
enhanced climate resilience a core objective. According to the key
findings, climate resilience significantly shifts the curve’s inflection
point leftward, demonstrating its central role in mitigating climate
risks. This should guide AI industry development plans and low-
carbon energy transition roadmaps. We recommend establishing a
comprehensive climate resilience assessment system. This system
should cover the entire chain of “prediction-response-recovery-
learning.” It should then serve as a key metric for evaluating AI
projects, smart city development, and new energy systems. This
approach will help prevent climate risks from disrupting the low-
carbon energy transition at the top-level design stage.

Third, policies for climate resilience must account for regional
differences. Aoide a one-size-fits-all approach. According to the
key findings, climate resilience only exhibits a significant leftward
shift in the relationship between AI and low-carbon energy
transition outside the Yangtze River Economic Belt, eastern
regions, old industrial base regions and Yellow River basin,
while its moderating effect is negligible in relatively developed
areas. The most appropriate local measures should be selected.
Regions like the Yangtze River Economic Belt and eastern China
have strong digital foundations. Their transformation is
approaching an inflection point. Efforts there should focus on
deepening the integration of Al in the energy sector. This will
accelerate their regional energy systems past critical transition
thresholds. Other regions have weaker resilience foundations.
Their policy priorities should focus on boosting local energy
infrastructure resilience, digitalization rates, and human capital
levels. These regions should introduce AI cautiously and in an
orderly manner. This guards against the risks of energy
consumption lock-in or a shift toward higher carbon intensity.
For old industrial base regions, barracks should drive green
transformation through “intelligent reconstruction” to avoid
the Al
empowerment should be constrained by “ecological priority” to

lock-in risks. For Yellow River basin region,

strengthen systemic coordination.
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