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The artificial intelligence (AI) innovative application pilot policy is a keymeasure to
promote energy saving and emission reduction in Chinese cities. This study
employs a quasi-natural experiment approach, utilizing urban carbon emission
data from 2003 to 2021 in China, to investigate the impact of the AI pilot policy on
urban carbon emissions through a difference-in-differences (DID) model. After
conducting a series of robustness tests, we find that the AI pilot policy exerts a
significant inhibitory effect on urban carbon emissions. Mechanism analysis
reveals that this policy reduces carbon emissions by enhancing the adoption
of urban green technology and strengthening environmental regulations. Further
analysis indicates that the carbon reduction effect of the AI pilot policy is more
pronounced in cities with high levels of scientific and technological capacity, high
market potential, advanced financial development, and well-established digital
infrastructure. This study enriches and demonstrates the implementation effects
of AI development in China, providing decision-making references for vigorously
promoting AI innovation application policies and advancing urban sustainable
development and the dual carbon goals.
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1 Introduction

China’s economic development has transitioned from catching up to keeping pace with,
and ultimately leading, the global economy. However, the pursuit of economic benefits has
led to environmental degradation, which has become a significant constraint on sustainable
development. Among these challenges, carbon emissions are a direct cause of frequent
ecological problems such as extreme climate changes and the greenhouse effect. From the
Kyoto Protocol to the Paris Agreement, the concept of sustainable development has been
consistently emphasized, and global collaboration on ecological and environmental
governance has become a fundamental consensus (Sethi et al., 2020). China’s
urbanization rate had reached 67%1, with urban carbon emissions accounting for
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approximately 80% of the country’s total national emissions. Cities
are thus the primary sources of carbon emissions. Therefore,
studying carbon reduction in Chinese cities is both representative
and rational. Faced with the global challenge of carbon emissions,
China has pledged to achieve carbon peaking by 2030 and carbon
neutrality by 2060, thereby contributing its wisdom and experience
to the sustainable development of other developing countries.
Adhering to the principle that science and technology are the
primary productive forces, China emphasizes “relying on
scientific and technological power to strengthen environmental
protection”. AI technology, with its powerful capabilities in data
collection, information analysis, and scientific prediction, provides
technical support and innovative momentum for green
development.

In existing academic research, studies on factors influencing
carbon emissions can be broadly categorized. The first category
focuses on analyzing the diverse factors affecting carbon emissions
(Wan and Yu, 2025). Existing research suggests a proportional
relationship between urban population activity levels and carbon
emissions (Wei and Liu, 2022). Overall, urban carbon emissions
exhibit a decreasing trend from the city center to the periphery
(Zeng et al., 2019). Local governments have formulated relevant
environmental regulations to ensure institutionalized ecological
construction (Zhang J. et al., 2022). In the information era, AI
has emerged as a significant force in carbon reduction. It
increasingly highlights the importance of new digital elements in
environmental governance, such as the Internet of Things (Alpan
et al., 2022). Industrial robots reduce pollutant emissions intensity
by improving energy efficiency and enhancing pollution reduction
technologies (Li et al., 2025).

The academic consensus maintains that the relationship
between AI and the ecological environment follows an inverted
U-shaped curve (Dong et al., 2024). This implies that in the early
stages of AI application, establishing data centers during the
integration of AI technology with industries such as automobile
manufacturing, energy extraction, and smart factories consumes
substantial amounts of computational resources and electrical
energy (Zhang et al., 2023). According to data from the China
Academy of Information and Communications Technology, by
2030, the total energy consumption of data centers in China is
projected to reach approximately 380 billion kilowatt-hours,2 which
may exacerbate urban carbon emissions. This suggests that AI
technology may initially lead to an environmental rebound effect
(Wu et al., 2023). However, once AI reaches a mature stage of long-
term application, it is expected to exert a significant inhibitory effect
on carbon emissions. The primary reason is that AI can rationally
optimize industrial structures and resource allocation through big
data analytics, thereby reducing resource waste and lowering carbon
emissions (Alhasnawi et al., 2024). Additionally, AI can enhance
energy efficiency and reduce energy consumption and pollution by
promoting the innovative application of clean and renewable energy
sources (Chen and Jin, 2023).

The second category of research focuses on the relationship
between AI policy and carbon emissions. AI is widely applied in life,
effectively promoting the digital transformation of production and
lifestyle (Sharma and Sharma, 2024). However, it also introduces
new social issues such as digital hegemony and information risks
(Cheatham et al., 2019). Development-oriented policies emphasize
government-led and market-led innovation applications of AI
technology, while regulatory policies stress the scientific
monitoring, assessment, and control of risks associated with AI
(Wang K. et al., 2025). It has been found that AI significantly reduces
carbon emissions through mechanisms such as industrial structure
optimization, technological innovation, and resource allocation.
This suppressive effect is influenced by factors such as regional
heterogeneity and differences in resource endowments (Wu et al.,
2021). AI policies are more effective in reducing carbon emissions in
cities with higher levels of economic development, better resource
endowments, and larger urban sizes. Based on preliminary research,
scholars have proposed expanding the scope of pilot cities for AI
policies, accelerating the application of green innovation
technologies, and enhancing the construction of digital
infrastructure (Zhong et al., 2024).

In this context, the goals of AI pilot policies are aligned with
those of carbon emission reduction. As an essential policy for high-
quality urban development, what effects do AI pilot policies exert on
urban carbon emissions? Through which specific mechanisms do
these effects operate? How can the impact of AI policy on carbon
emissions be scientifically evaluated? These questions merit further
exploration. Building on the preceding analysis, this study leverages
the AI pilot policy as a quasi-natural experiment, utilizing urban
carbon emission data from China spanning the period from 2003 to
2021 as the research sample. The study employs the DID model to
examine the impact of the AI pilot policy on urban carbon
emissions, thereby contributing to the accurate assessment of the
policy’s environmental effects and informing policy optimization.

The marginal contributions of this paper are as follows:
First, this paper employs a more recent and comprehensive data

sample. Specifically, this paper selects urban carbon emission data
from 2003 to 2021. This timeframe is based on the issuance of
China’s “Comprehensive Work Plan for Energy Conservation and
Emission Reduction” in 2007 and the “AI Innovation Application
Pilot Zone” in 2019. Compared with the existing studies on a
country’s carbon emissions (Cao et al., 2025) and urban panels
(Chen et al., 2022), the application of AI policies in China still needs
further expansion. Since policy implementation requires a transition
period, the sample period is extended from 2003 to 2021.

Second, this study focuses on carbon emission data of Chinese
cities. There are 220 city samples in total, among which 12 are pilot
cities. Existing research has primarily concentrated on carbon
emissions data at the provincial (Hao et al., 2019) and enterprise
levels in China (Lee et al., 2024). However, Chinese cities warrant
attention because their panel data offer more detailed information
than provincial data, providing greater reference value for policy
recommendations. Moreover, as administrative units, Chinese cities
possess more autonomy and can develop specific AI policies and
carbon reduction strategies tailored to their unique conditions.

Third, the selection of key research mechanisms. Scholars have
effectively analyzed the impact of AI technology on reducing carbon
emissions (Wang et al., 2019), technological innovation (Zhang,

2 2024-02-16, “Economic Daily”, “The Computing Power Industry Goes

Green”-China National Radio. Visit the website: http://m.cnr.cn/tech/

20240226/t20240226_526609114.html
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2021), and energy efficiency (Akram et al., 2020). This paper selects
green innovation and environmental regulation as the key mechanisms
because the link between green technology innovation and AI
technology is powerful. The most direct manifestation of AI
applications is the promotion of intelligent, digital, and precise
innovations in relevant fields. National macroeconomic policies
emphasize environmental protection primarily through ER as a key
instrument. As a form of environmental regulation, AI policies should be
promptly integrated into energy conservation and emission reduction
tasks. This study provides an empirical evaluation of the policy
implementation effects, laying a foundation for expanding pilot policies.

Fourth, the endogenous analysis of heterogeneous cities. Cities
are inherently complex social entities, and Chinese cities, in
particular, exhibit significant heterogeneity due to varying natural
geographical conditions and levels of socioeconomic development.
As relatively independent research subjects, Chinese cities display
marked differences in various aspects, including technological
development levels, market development potential, financial
development status, and digital infrastructure. These intrinsic
conditions are directly related to the implementation effects of AI
pilot policies within urban economic and social contexts. The
analysis of heterogeneity provides a basis for formulating specific
strategies and identifying future development directions in the
implementation of AI pilot policies.

2 Institutional background and
research hypotheses

2.1 Institutional background

China is now in a new stage of development. It focuses on high-
quality growth to meet people’s needs for a better life. AI technology
has become a key driving force for high-quality development.
However, the widespread application of AI necessitates not only
robust policy support but also advanced hardware infrastructure.
Therefore, it is imperative to innovate national AI policy
frameworks and expedite the implementation of AI pilot
programs. In 2017, the General Office of the State Council of
China issued the Notice on the Development Plan for a New
Generation of Artificial Intelligence, establishing a high-level
strategic framework for AI development in the country. These
policies have established a conducive policy environment for AI
development and promoted its extensive integration into economic
production, political construction, cultural advancement, social
harmony, and ecological management. Since 2019, the Ministry
of Industry and Information Technology of the People’s Republic of
China has supported the establishment of the Shanghai AI
Innovation Application Pilot Zone to promote the innovative
development and application of artificial intelligence.3 By the end
of 2022, China had established 12 pilot zones. These include

Shanghai (2019), Jinan (2019), Qingdao (2019), Shenzhen (2019),
Beijing (2021), Tianjin (2021), Hangzhou (2021), Guangzhou
(2021), Chengdu (2021); Nanjing (2022), Wuhan (2022), and
Changsha (2022). During the same period, the Ministry of
Science and Technology of China issued the “Guidelines for the
Construction of National New Generation Artificial Intelligence
Innovation Development Pilot Zones.” These policies effectively
promote the organic integration of AI technology and urban
sustainable development.

2.2 Theoretical foundations and research
hypotheses

From a production perspective, the difficulty of reducing carbon
emissions lies in local governments’ pursuit of high economic
benefits without considering the environmental impact. This
often leads to the extensive use of high-pollution resources and
high-consumption energy in the production process, thereby
directly increasing carbon emissions (Wang et al., 2016).
Politically, the gap between national environmental regulations
and their local implementation is a critical issue. Local
governments may struggle to effectively curb carbon emissions
and protect the ecological environment due to inadequate social
conditions for policy implementation, insufficient awareness of
policy importance, and a lack of attention to policy details. These
factors result in environmental regulations failing to achieve their
intended policy outcomes (Xu et al., 2014). AI technologies are
evolving rapidly and being widely applied across diverse production
and daily life scenarios. Their digitalization, intelligence, and
autonomy provide new technological tools and opportunities for
energy conservation and emission reduction. To seize the
developmental advantages offered by technologies, China has
introduced relevant policies aimed at establishing a series of
digital platforms and digital industries. These initiatives leverage
AI to drive new industrialization. AI technologies facilitate the
upgrading and transformation of urban economic and industrial
structures, foster technological innovation, and enhance energy
efficiency, thereby reducing carbon emissions. Furthermore, AI
technology can supply local governments with detailed and
precise data on carbon emissions, energy utilization, and air
quality indices, serving as a foundation for decision-making (Liu
et al., 2019). Additionally, it can also drive the transformation of
high-consumption and high-pollution energy industries toward
greener and lower-carbon industries, thereby significantly
mitigating urban carbon emissions (Lin and Zhou, 2021). From a
macro perspective, cities implementing AI pilot policies can more
effectively promote energy conservation and emission reduction
efforts with the support of advanced information technologies, such
as AI. Based on the theoretical analysis above, the following
hypothesis can be proposed:

H1: AI pilot policies have a significant inhibitory effect on urban
carbon emissions.

Green innovation represents a bidirectional integration of
technology and ecology, incorporating the concepts of ecology,
environmental protection, and sustainable development. It serves
as a critique and reflection on the societal trends that celebrate

3 2019-05-17, Ministry of Industry and Information Technology approved the

establishment of the Shanghai (Pudong New Area) Artificial Intelligence

Innovation Application Pilot Zone. Visit the website: https://www.miit.gov.

cn/jgsj/kjs/gzdt/art/2020/art_18121dd4c1f743f292c325bca6a903c0.html
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technological rationality. Green innovation technologies refer to
those technologies and products that are capable of reducing the
negative impact of production while simultaneously enhancing
economic benefits for enterprises (Yi et al., 2020). In summary,
the essential characteristic of green innovation technology is its
positive environmental impact, typically achieved by reducing
energy consumption and improving energy efficiency to generate
ecological benefits (Rennings, 2000). As an advanced technology,
green innovation balances economic production with ecological
conservation. Innovations in green clean technologies and
manufacturing processes play a pivotal role in reducing
environmental pollution. The number of green patent inventions
in a city constitutes a robust metric for evaluating the level of green
innovation technology. AI provides vast quantities of data and
innovative directions for advancing green technology, facilitating
the modernization and high-quality development of traditional
industries in cities. By achieving large-scale application of AI,
marginal costs are reduced (Biggi et al., 2025). This improves
coordination efficiency among enterprises during economic
production, reduces resource wastage in business operations, and
enables the achievement of cleaner and more efficient business
models (Otsuka et al., 2014). AI directly elevates the level of
green innovation technologies in cities, thus offering a viable
approach to reducing urban carbon emissions.

H2: AI pilot policies reduce carbon emissions by promoting green
innovation technologies.

The Chinese government actively establishes relevant policies,
laws, and environmental protection regulations to promote energy
conservation and emission reduction efforts. Undoubtedly, the
implementation of environmental regulations may increase costs
for urban economic development. This could potentially lead to
suboptimal outcomes in energy conservation and emission
reduction, as well as insufficient development of green
innovation. However, provided that a policy adaptation period is
allowed, it can be observed that ecological protection policies can
play a supervisory and managerial role in reducing carbon
emissions. Nonetheless, specific issues require specific analysis,
and the implementation of environmental regulations must be
adapted to local conditions (Liu et al., 2022). Based on the
mechanism of action, environmental regulations can be
categorized into command-and-control, market-driven, and
voluntary environmental regulations (Ren et al., 2018). All three
types of environmental regulations require ecological and
environmental data as the basis for policy formulation. The
application of AI policies provides robust support for enhancing
environmental regulations. Artificial intelligence technologies
provide reference data for policy assessment in environmental
regulations. This encompasses environmental monitoring
standards, pollutant emission criteria, clean production
benchmarks, green taxation, carbon emission trading schemes,
environmental subsidies, and access to environmental protection
information (Tang et al., 2020). Integrating artificial intelligence
technology with environmental regulations helps to reduce the
implementation cost associated with these regulations. For
governments, this integration facilitates real-time monitoring of
carbon emissions through digital and networked regulatory
frameworks. For society and individuals, the internet enables the

rapid dissemination and timely access to information on
environmental regulations. This enhances public awareness and
understanding of ecological and environmental protection and
related scientific knowledge (Zhang L. et al., 2022). Moreover,
this integration achieves a combination of institutional carbon
emission regulations and voluntary compliance by stakeholders.

H3: AI pilot policies enhance the institutionalization and
sustainability of urban carbon reduction efforts by refining
environmental regulations, thereby effectively reducing
carbon emissions.

3 Study design

3.1 Model

To examine the relationship between AI pilot policy and carbon
emissions, this study employs a multi-period DIDmodel. The model
is constructed as follows:

CO2it � α0 + α1Treati × Postt + α2Xit + φi + μt + εit

In the model, CO2 represents the dependent variable, where i
and t denote the city and the year, respectively. Treat is a dummy
variable that takes one if the city is within the AI policy pilot area,
and zero otherwise. Post is a dummy variable that equals 1 for the
year when the policy is implemented in city i and for all subsequent
years, and zero otherwise. X represents a set of control variables. φ
denotes fixed city effects, μ represents fixed annual effects, and ε
denotes the random error term.

3.2 Variable selection

Dependent Variable (CO2): Carbon emissions. Carbon
emissions are influenced by urban industrial production,
economic structure, and transportation activities etc. The carbon
emissions data are sourced from the cities’ CO2 emissions inventory
published by the China Emissions Accounts and Datasets (CEADS).
The spatial distribution map of carbon dioxide emissions in Chinese
Cities is shown in Figure 1.

Independent Variable (DID): Artificial Intelligence Pilot Policy.
Since 2019, the Ministry of Industry and Information Technology of
the People’s Republic of China has supported the establishment of
the Shanghai AI Innovation Application Pilot Zone to promote the
innovative development and application of artificial intelligence. By
the end of 2022, China had established 12 pilot zones. These include
Shanghai (2019), Jinan (2019), Qingdao (2019), Shenzhen (2019),
Beijing (2021), Tianjin (2021), Hangzhou (2021), Guangzhou
(2021), Chengdu (2021); Nanjing (2022), Wuhan (2022), and
Changsha (2022). For cities that participated in the pilot after
2019, the interaction term Treat × Post is set to 1; otherwise, it is
set to 0.

Control Variables: To better identify the impact of the AI pilot
policy on urban carbon emissions, this study includes the following
control variables, based on relevant literature (Ding et al., 2023):
Financial support intensity (gov) is measured by the ratio of fixed
asset investment to local government public budget expenditures.
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The industrialization level (industry) is measured by the ratio of
industrial added value to local government GDP. Education
Spending Level (EDU) is measured by the ratio of city

educational expenditures to local government public budget
expenditures. Economic Development Level (Inpgdp) is measured
by the logarithm of per capita GDP. Internet Penetration Rate
(internet) is measured by taking the logarithm of the number of
internet users. Market potential level (market) is measured by the
ratio of total social retail consumption to GDP. The descriptive
statistics of these variables are presented in Table 1.

Mediating variables: Considering that green patent data can
better respond to green innovation in cities, this paper draws on
Wan (2024). According to the “Green List of International Patent
Classification” launched by the WIPO in 2010, which aims at
facilitating the retrieval of patent information related to
environmentally friendly technologies, and based on the patent
classification number of the State Intellectual Property Office
(SIPO), the number of green patent applications filed by the city
each year is matched. Green invention patents and green utility
model patents are a core indicator of the city’s green innovation
activities. This study adopts the research methods proposed by
Hoffmann et al. (2022), utilizing the proportion of environmental
protection content in annual summary reports produced by local
governments to measure the intensity of local environmental
regulations.

FIGURE 1
Spatial distribution map of urban carbon emission.

TABLE 1 Descriptive statistics of main variables.

Variable S.D N Mean Min Max

CO2 1.102 3017 6.194 3.527 8.966

Green 1.841 3017 3.710 0 8.300

er 0.001 3002 0.003 0 0.012

did 0.205 3017 0.044 0 1

lnpgdp 0.397 3017 10.190 9.353 11.100

internet 7.667 3017 2.306 0.023 52.210

gov 2.052 3017 4.998 0.779 11.220

market 0.097 3017 0.383 0.160 0.688

EDU 0.040 3017 0.179 0.089 0.279

industry 0.153 3017 0.375 0 0.740
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3.3 Data description

For empirical analysis, this paper uses carbon emission data
from 220 cities in China from 2003 to 2021 as the initial research
sample. The detailed data on carbon emissions for Chinese cities
comes from the China Emission Accounts and Datasets (CEADS).
Following the approach of Chen et al. (2020), the carbon emissions
data in this study are derived from county-level CO2 emissions
data calculated in the literature and aggregated to the city level to
highlight regional differences in urban carbon emissions. The
National Bureau of Statistics provides data on population, total
foreign-invested industry investment, and GDP. Additional data
are obtained from mainstream databases, including the National
Bureau of Statistics, the National Intellectual Property
Administration, the “China Statistical Yearbook”, the “China
City Statistical Yearbook”, the “China Urban Construction
Statistical Yearbook”, the ESP database, and the
Guotai’an database.

4 Empirical analysis

4.1 Parallel trend test

Satisfying the parallel trends assumption is a crucial
prerequisite for conducting DID analysis. Figure 2 illustrates
the trend of urban carbon emissions both before and after the
policy’s implementation. At the policy implementation time point
(t), the coefficient exhibits a significant decrease, indicating that
the AI policy has an immediate and substantial impact on carbon
emissions. As time progresses, the policy’s effect persists,
suggesting that the AI policy has a long-term positive impact
on urban carbon emissions.

4.2 Baseline regression results

Table 2 displays the impact of the AI pilot policy on urban
carbon emissions. Column (1) presents the estimated effects without
considering control variables. The regression results indicate that
incorporating control variables enhances the estimated effectiveness
of the AI pilot policy in reducing urban carbon emissions.
Specifically, the magnitude of the negative coefficient for the
policy’s impact becomes more pronounced after accounting for
these variables, suggesting a more potent effect. The observed
enhancement in policy effectiveness can be attributed to several
key control variables. First, economic development and fiscal
support provide financial backing and policy assistance for
advanced AI technologies (Lauterbach, 2019). Second,
expenditures on education and internet penetration rates create a
talent pool that supports the implementation of the AI pilot policy,
facilitating the spillover of knowledge and skills (Sanusi et al., 2022).
Third, market potential and the level of industrialization enhance
market competitiveness for AI technological innovation. These
control variables directly influence the implementation of the AI
pilot policy and, consequently, its effectiveness in reducing urban
carbon emissions.

4.3 Mechanism test

Consistent with the theoretical analysis presented earlier, the AI
pilot policy is expected to have a significant impact on urban carbon
emissions by promoting green technology and intensifying
environmental regulations in cities.

1. Green Innovation. The AI pilot policy influences carbon
emissions through green innovation, primarily by enhancing

FIGURE 2
Parallel trend test.
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the level of green technology (Qu et al., 2024). According to
China’s “Green Technology Patent Classification System”

document, green technology patents refer to
environmentally friendly green technology that can reduce
energy consumption. Due to the large number of green
patents, logarithmic statistical methods are used to analyze
them in the study. The integration of AI technology provides a
new impetus for green innovation, with mutual influence and
promotion between the two (Wang Q. et al., 2025). Specifically,
the capabilities of AI technology in big data analysis, algorithm
optimization, and intelligent recommendation are applied to
green technologies to enhance the level of intelligent
monitoring of carbon emissions (Yi et al., 2024). The
statistical accounting of carbon emissions is a crucial
foundational task. The Chinese government has proposed
the “Work Plan for Improving the Carbon Emission
Statistical Accounting System,” which calls for establishing a
national carbon emissions data platform by integrating AI with
green innovation concepts. By leveraging the powerful
computing capabilities of AI, big data, and cloud
algorithms, it is possible to implement intelligent

supervision of energy consumption, conduct scientific
analysis of carbon emission data, and achieve precise
tracking of carbon emission sources. This integration creates
a green information AI management system (Cheng et al.,
2025). According to China’s “National Carbon Market
Development Report (2024)”, the national power sector’s
carbon emission intensity decreased by 8.78% in 2023,
achieving the dual goals of enhancing AI technology and
protecting the ecological environment.

AI technology can facilitate the research and development of
green innovation patents, promoting a green culture (Lin et al.,
2024). By matching and identifying green patents through their
classification codes, we can determine the number of green
invention patents granted to enterprises. The application of green
artificial intelligence patents can effectively enhance the carbon
reduction rate of urban fossil fuels, improve the rational layout
of industrial structures, increase the proportion of low-carbon
emerging industries, and promote the full utilization of clean and
renewable energy sources. This, in turn, facilitates the greening of
the production process and the ecological production of products,
thereby promoting the green transformation of social enterprise
production (Liang et al., 2024). Green technologies based on AI
should align with international green patent technologies to enhance
the scientific accuracy and global recognition of carbon emission
data monitoring and accounting. This alignment provides technical
expertise for carbon reduction efforts in other countries (Sands,
2023). The results are shown in column 2 of Table 3.

2. Environmental Regulation. Ecological and environmental
protection is a pressing issue that needs to be addressed in
the pursuit of Chinese-style modernization. According to the
2024 Chinese government report, comprehensive governance
of the ecological environment is emphasized as a key priority,
with the implementation of a series of environmental
regulations aimed at enhancing the modernization level of
ecological governance. Environmental regulations are a set of
systems proposed by the government to address ecological and
environmental protection, adaptation to climate change risks,
and other related issues (De Almeida et al., 2021). Chinese
environmental regulations emphasize leveraging the principal
capabilities of local governments, with cities serving as the
leading construction carriers. There is a push to enhance the
construction of digital and AI infrastructure to improve the
level of intelligence in urban governance modernization
(Roberts et al., 2021). From a content perspective, AI offers
intelligent conditions for enhancing the effectiveness of
environmental governance. Against the backdrop of pilot
policies on AI, environmental regulation is exhibiting new
characteristics, such as networking, intelligence, and
digitalization. With the carbon emission data and its
dynamic emission patterns provided by AI infrastructure,
local governments can conduct digital monitoring of carbon
emissions across various industries. This enhances the
efficiency of environmental pollution monitoring and
expands the scope of government environmental regulation
(Makhkamov, 2022).

TABLE 2 Baseline regression results.

(1) (2)

CO2 CO2

did −1.603*** −0.644***

(0.091) (0.076)

lnpgdp −3.046***

(0.080)

internet −0.003

(0.002)

gov −0.033***

(0.007)

market −1.626***

(0.147)

EDU 0.394

(0.400)

industry −0.825***

(0.104)

_cons 2.838*** 34.868***

(0.015) (0.823)

Year Yes Yes

Province Yes Yes

N 3017 3017

adj. R2 0.432 0.677

Robust standard errors are in parentheses; ***, **, and * denote significance at the 1%, 5%, and

10% levels, respectively. Control variables, city, and time effects are controlled for, same as below.
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From a methodological perspective, the AI pilot policy has
innovated the governance concept of environmental regulations.
It has creatively proposed newmethods of environmental protection
in the cyberspace domain, such as “Internet courts” and “virtual
space law” (Ramich and Piskunov, 2022). These innovations have
improved the perfection of the environmental regulation system,
creating a flexible, diverse, and complementary multi-tiered system
that is well-suited to local conditions. From the perspective of
stakeholders, environmental regulations outline the
responsibilities of governments, societies, businesses, and
individuals in environmental protection. These regulations
emphasize the need for the entire society to integrate
environmental consciousness into both production and daily life.
The use of internet information technology accelerates and broadens
the dissemination of environmental regulation content, which is
beneficial for cultivating autonomous awareness and social
consensus among all stakeholders involved in environmental
protection (Nie et al., 2022). According to the data in column (3)
of Table 3, cities that have adopted pilot AI policies have enhanced
the digital and intelligent capabilities of their environmental
regulation systems through modern network information

technology. This enhancement supports the normalization and
long-term effectiveness of urban carbon emission reduction
efforts, thereby suppressing urban carbon emissions.

4.4 Robustness test

4.4.1 Placebo test
To ensure that the statistically significant results of the AI pilot

policy on carbon emissions are not driven by unobserved
confounding variables, this study conducted a placebo test.
Specifically, a computer was used to generate new treatment
groups randomly, and this process was repeated 500 times. The
DID model was then applied to analyze the regression results. As
shown in Figure 3, the results form a roughly normal distribution
centered around zero. This indicates that, in the randomly generated
treatment groups, most of the evaluation results are close to 0,
showing no significant effect. Therefore, the robustness of the
study’s results is confirmed.

4.4.2 PSM-DID
This study conducted a PSM-DID test to enhance the credibility

of the research conclusions. Specifically, the study incorporated
fiscal support intensity (gov), educational expenditure (EDU),
economic development level (lnpgdp), internet penetration rate
(internet), market potential (market), and level of
industrialization (industry) as control variables. The results are
shown in column (1) of Table 4.

4.4.3 Lagged effect
From the issuance of notifications by the central government to

the pilot phase, and then to the specific implementation of the
promotion, a time lag is required; hence, the effects of policy
implementation will exhibit significant latency. To more
scientifically assess the impact of the AI innovation pilot policy
on urban carbon emissions, it is necessary to conduct a one-period
lag regression test. The data show that the AI innovation pilot policy
still significantly inhibits urban carbon emissions. The results are
shown in column (2) of Table 4.

4.4.4 Eliminate interference from other policies
During China’s carbon reduction reform to achieve the dual

carbon goals of the new era, multiple policies often overlap or occur
concurrently. For example, within the data sample period of this
article (2003–2021), China initiated low-carbon city pilot policies in
2010. Starting in 2011, carbon emission trading pilots were
implemented in economically developed regions, including
Shenzhen, Shanghai, and Beijing. The carbon emission trading
market was officially launched in 2017. In 2018, the
“Environmental Protection Tax Law” was implemented formally.
These policies have directly enhanced the effectiveness of China’s
carbon reduction efforts (Zhang et al., 2020). During this period,
some related policies were also introduced. For example, scholarly
research has demonstrated the significant impact of the total
pollutant emission control system, the Energy Conservation Law,
China’s coal-to-gas policy, and competitive corporate policies (Xie
and Wu, 2024). Although the forms and contents of policies are
diverse, low-carbon cities, carbon emission trading, and

TABLE 3 Results of mechanism tests.

(1) (2) (3)

CO2 Green er

did −0.644*** 1.023*** 0.143**

(0.076) (0.107) (0.058)

lnpgdp −3.046*** 4.952*** 0.151**

(0.080) (0.113) (0.060)

internet −0.003 0.007** −0.001

(0.002) (0.003) (0.002)

gov −0.033*** 0.066*** 0.005

(0.007) (0.010) (0.005)

market −1.626*** 3.436*** 0.078

(0.147) (0.208) (0.112)

EDU 0.394 −0.561 −0.515*

(0.400) (0.567) (0.304)

industry −0.825*** 0.029 −0.036

(0.104) (0.148) (0.079)

_cons 34.868*** −48.366*** 7.075***

(0.823) (1.165) (0.620)

Year Yes Yes Yes

Province Yes Yes Yes

N 3017 3017 3017

adj. R2 0.677 0.768 0.065

Robust standard errors are in parentheses; ***, **, and * denote significance at the 1%, 5%,

and 10% levels, respectively. Control variables, city, and time effects are controlled for, same

as below.
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environmental protection taxes are directly related to the issue of
carbon emissions. Therefore, this study primarily focuses on
mitigating the disruptive effects of these policies. These policies
intersect with the AI pilot policy in terms of content and overlap in
time, which may potentially affect the baseline regression results of
this paper. To avoid the influence of these carbon emission-related
policies, samples affected by other policy interferences were
excluded, and the analysis was rerun. The results are shown in
column (3) of Table 4.

4.4.5 Excluding municipalities
In China, municipalities hold a higher administrative status than

ordinary cities. This elevated position enables them to attract more
policy support, financial investment, technological resources, and talent,
thereby creating advantageous conditions for the implementation of AI
pilot policies. In comparison, ordinary cities often trail those directly
under the Central Government in terms of technological progress and
autonomy in policy implementation (Zhao andWang, 2022). Failing to
account for these differences may introduce bias into the study’s
estimated results. To address this concern, the analysis excluded
carbon emission data from Chinese municipalities and performed a
new regression analysis. The findings indicate that AI pilot policies
continue to significantly reduce urban carbon emissions at the 1%
significance level. This result corroborates the robustness and reliability
of the conclusion. The results are shown in column (4) of Table 4.

5 Further discussion

The heterogeneity analysis in this study encompasses four aspects:
the level of urban scientific and technological capabilities, market
potential, financial development, and digital infrastructure
development. Using the median split method for group classification,

the analysis divides groups based on scientific and technological
capabilities, market potential, financial growth, and digital
infrastructure. This method has proven highly effective in this study.
The development of scientific and technological capabilities, market
potential, economic development levels, and digital infrastructure varies
significantly across cities. Given this imbalance, the median serves as a
more robust measure of central tendency than the mean.

5.1 Heterogeneity in the level of scientific
and technological development

The level of scientific and technological development serves as a
vital indicator of a nation’s comprehensive strength and constitutes
a key element of a city’s core competitiveness (Popkova and Gulzat,
2019). In China, disparities in financial investment in urban
development, higher education, and high-tech industries have
caused uneven scientific and technological development across
cities (Cao et al., 2019). The heterogeneity of technological
development levels is measured using the level of urban scientific
and technological patents as the measurement basis. A city with
advanced scientific and technological development implies relatively
mature and favorable conditions for implementing AI pilot policies.
Such cities typically boast robust hardware infrastructure, scientific
talent, and technological funding, all of which can facilitate the
comprehensive integration of AI technologies.

Table 5 Column (1) shows that in cities with a high level of
scientific and technological development, the implementation of AI
pilot policies has proven more effective in significantly reducing
urban carbon emissions. Conversely, in cities with a low level of
scientific and technological development, the implementation of AI
pilot policies often exhibits limited effectiveness in reducing carbon
emissions. This is because cities with less developed technological

FIGURE 3
Placebo test.

Frontiers in Environmental Science frontiersin.org09

Wan and Li 10.3389/fenvs.2025.1683439

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2025.1683439


capabilities typically lack the necessary hardware infrastructure,
have insufficient AI-related talent pools, and are deficient in
knowledge and concepts related to AI development. The “China
Urban Artificial Intelligence Development Index Report” reveals
that Beijing, with an overall AI development index of 92.93, ranks
highest nationwide. This is primarily attributed to Beijing’s
numerous universities, which boast a rich pool of scientific and
technological talent, as well as the presence of high-tech companies
such as Baidu and ByteDance. In contrast, cities with less developed
technology industries, such as Lanzhou (61.78) and Changchun
(65.61), have significantly lower AI development indices compared
to Beijing and Shenzhen.

5.2 Heterogeneity in market potential levels

Due to differences in natural geography and historical
development traditions, there is an imbalance in the level of

market potential development among Chinese cities. The
heterogeneity of market potential levels is determined using the
marketization index as the criterion. Generally, cities in the
southeastern coastal regions have higher market potential than
those in the northwestern inland areas. The southeastern coastal
regions are characterized by high population density, convenient
water and land transportation, abundant natural geographical
resources, and a long history of market-oriented traditions. In
contrast, cities in the northwestern inland regions are marked by
sparse populations, inconvenient transportation, and a lack of
market vitality (Yan et al., 2021). Additionally, the level of
market potential is closely related to city size, with megacities
typically having higher market potential than medium and small
cities. China classifies cities, including megacities, large cities, and
huge cities, based on the number of permanent residents in urban
areas as an objective criterion (Shuang and Zheng, 2024). Megacities
accumulate large resident populations, and higher population
density typically correlates with greater energy consumption and

TABLE 4 Robustness test.

(1) (2) (3) (4)

PSM-DID Lagged effect Eliminate interference from other policies Excluding municipalities

CO2 CO2 CO2 CO2

didT-1 −0.630***

(0.080)

did −0.974*** −0.664*** −0.642***

(0.187) (0.083) (0.077)

lnpgdp −1.338 −3.037*** −3.044*** −3.052***

(1.039) (0.082) (0.084) (0.080)

internet 0.012*** −0.003 −0.004 −0.003

(0.004) (0.002) (0.002) (0.002)

gov 0.191*** −0.036*** −0.034*** −0.033***

(0.055) (0.007) (0.008) (0.007)

market 4.929*** −1.518*** −1.608*** −1.631***

(1.078) (0.151) (0.152) (0.149)

EDU −10.250*** 0.195 0.405 0.389

(2.988) (0.427) (0.411) (0.404)

industry −0.116 −0.731*** −0.839*** −0.827***

(0.636) (0.107) (0.107) (0.105)

_cons 15.070 34.865*** 34.884*** 34.960***

(11.351) (0.853) (0.868) (0.830)

Year Yes Yes Yes Yes

City Yes Yes Yes Yes

N 58 2770 2877 2961

adj. R2 0.832 0.6750 0.629 0.638

Robust standard errors are in parentheses; ***, **, and * denote significance at the 1%, 5%, and 10% levels, respectively. Control variables, city, and time effects are controlled for, same as below.
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larger overall market demand. Consequently, megacities exhibit
higher market potential. Intelligent applications such as
unmanned supermarkets and robotic delivery have significantly
enhanced the efficiency of market operations and consumer
allocation, thereby reducing carbon emissions during the social
consumption process. As shown in Table 6, in cities with low
market potential, AI pilot policies suppress carbon emissions at
the 5% significance level. In contrast, in cities with high market
potential, the effect is more pronounced, reaching the 1%
significance level.

5.3 Heterogeneity in financial
development levels

Varying levels of financial development influence the effect of AI
pilot policies on curbing urban carbon emissions. The heterogeneity
of urban financial development levels is examined using the amount
of urban loan balances as the criterion. Financial support directly

impacts the implementation of AI enterprises and technologies.
Cities like Beijing and Shanghai, with their well-developed economic
environments, have established AI industry development funds
exceeding 1 billion yuan, creating favorable conditions for the
development of AI. This financial backing not only encourages
innovation but also attracts investments and talents, thereby
fostering a sustainable and competitive AI ecosystem within these
cities. In cities with advanced financial development, a well-
established credit system supports the innovation and research of
green, clean technologies and renewable resources. Financial
institutions can utilize AI and digital technologies to evaluate
green projects of enterprises promptly and identify the impacts
of green industries (Chen and Chen, 2021). During financial
investment, more emphasis is also placed on a healthy and
sustainable green investment environment. To attract more
financial enterprises to invest, local governments will enhance
energy-saving and emission-reduction efforts, support the stable
development of the carbon trading market, and thus improve the
city’s green investment environment. As shown in Table 7, high

TABLE 5 Heterogeneity in scientific and technological levels.

(1) (2)

High level of
technology

Low level of
technology

CO2 CO2

did −0.735*** −0.039

(0.075) (0.274)

lnpgdp −3.225*** −2.481***

(0.115) (0.138)

internet −0.002 −0.003

(0.003) (0.004)

gov −0.019 −0.040***

(0.011) (0.010)

market −0.202 −2.022***

(0.256) (0.185)

EDU −1.918*** 0.840*

(0.646) (0.504)

industry −0.309* −1.066***

(0.183) (0.126)

_cons 36.536*** 29.256***

(1.223) (1.379)

Year Yes Yes

Province Yes Yes

N 1077 1936

adj. R2 0.749 0.567

Robust standard errors are in parentheses; ***, **, and * denote significance at the 1%, 5%,

and 10% levels, respectively. Control variables, city, and time effects are controlled for, same

as below.

TABLE 6 Heterogeneity in market potential levels.

(1) (2)

Limitedmarket potential Highmarket potential

CO2 CO2

did −0.337** −0.446***

(0.160) (0.074)

lnpgdp −0.719*** −0.879***

(0.028) (0.022)

internet 0.001 −0.005*

(0.003) (0.003)

gov 0.006 −0.037***

(0.009) (0.008)

market 0.205 −0.926***

(0.387) (0.219)

EDU 4.257*** 2.014***

(0.546) (0.458)

industry −1.090*** −0.642***

(0.144) (0.121)

_cons 14.371*** 17.955***

(0.470) (0.368)

Year Yes Yes

Province Yes Yes

N 1609 1408

adj. R2 0.684 0.797

Robust standard errors are in parentheses; ***, **, and * denote significance at the 1%, 5%,

and 10% levels, respectively. Control variables, city, and time effects are controlled for, same

as below.
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levels of financial development are associated with a significant
reduction in carbon emissions at the 1% significance level. However,
column (2) shows that in cities with low financial development
levels, the effect is weaker, occurring at the 10% significance level.
This is due to limited investments and credit for green technology
and renewable energy, resulting in a less pronounced suppressive
effect on carbon emissions compared to cities with higher levels of
financial development.

5.4 Heterogeneity of digital
infrastructure levels

Digital infrastructure provides the necessary hardware support
for implementing AI pilot policies. This study on the heterogeneity
of urban digital infrastructure levels uses whether a city is a pilot
city for the Broadband China and Smart City strategies as a
criterion. It leverages digital technologies, such as 5G and AI,

thereby aiding cities in the rational allocation of resources and
enhancing energy efficiency (Hu et al., 2023). Under the strategic
initiatives of Smart City, policies like the Broadband China
Demonstration City and National Big Data Center Pilot Project
have collectively advanced the level of digital infrastructure in
Chinese cities. The integration of AI pilot policies with digital
infrastructure has significantly promoted the development of
urban AI + initiatives and enhanced the levels of smart city
construction. This has driven the vigorous growth of the digital
economy, optimized urban industrial structures, reduced the
proportion of high-energy-consuming and high-polluting
industries, and thus effectively lowered urban carbon emissions.
Conversely, cities with weaker digital infrastructure lack the
necessary hardware conditions to support the implementation
of AI pilot policies, which can even be counterproductive. For
instance, the implementation of AI pilot policies might increase
the economic development burden of a city. The results are shown
in Table 8.

TABLE 7 Heterogeneity in financial development levels.

(1) (2)

High level of financial
development

Low level of financial
development

CO2 CO2

did −0.538*** −0.426*

(0.096) (0.235)

lnpgdp −3.279*** −2.441***

(0.149) (0.107)

internet −0.001 −0.000

(0.003) (0.004)

gov −0.069*** −0.009

(0.012) (0.010)

market −1.533*** −0.635***

(0.228) (0.216)

EDU −0.912 −0.316

(0.726) (0.506)

industry −0.394** −1.249***

(0.182) (0.127)

_cons 37.710*** 28.470***

(1.553) (1.081)

Year Yes Yes

Province Yes Yes

N 1142 1873

adj. R2 0.7235 0.5899

Robust standard errors are in parentheses; ***, **, and * denote significance at the 1%, 5%,

and 10% levels, respectively. Control variables, city, and time effects are controlled for, same

as below.

TABLE 8 Heterogeneity in the level of digital infrastructure.

(1) (2)

High level of digital
infrastructure

Low level of digital
infrastructure

CO2 CO2

did −0.689*** −0.139

(0.083) (0.182)

lnpgdp −3.378*** −2.622***

(0.128) (0.122)

internet −0.000 −0.002

(0.004) (0.003)

gov −0.021** −0.010

(0.010) (0.011)

market −1.587*** −1.163***

(0.210) (0.201)

EDU 0.039 −0.571

(0.615) (0.507)

industry −0.829*** −1.261***

(0.147) (0.141)

_cons 38.119*** 30.720***

(1.359) (1.246)

Year Yes Yes

Province Yes Yes

N 1283 1733

adj. R2 0.7208 0.6358

Robust standard errors are in parentheses; ***, **, and * denote significance at the 1%, 5%,

and 10% levels, respectively. Control variables, city, and time effects are controlled for, same

as below.
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6 Conclusions and policy
recommendations

Utilizing AI technology to reduce carbon emissions and
promote green ecological production and living has consistently
drawn academic attention. This research employs the DID model,
leveraging the AI pilot policy as a quasi-natural experiment. It
examines the impacts, mechanisms, and heterogeneity of AI pilot
policies on urban carbon emissions, utilizing data from 220 Chinese
cities spanning the period from 2003 to 2021. The research
concludes that AI policies significantly reduce urban carbon
emissions through dual mechanisms: green, innovative
technologies and environmental regulations. These effects are
more pronounced in cities with higher levels of scientific and
technological advancement, market potential, financial
development, and digital infrastructure.

First, systematically summarize the experiences from the pilot
cities of the artificial intelligence innovation application zones.
Under the overarching goals of the “New Generation Artificial
Intelligence Development Plan,” rapidly advance the widespread
application of AI technology in cities, integrating the specific
hardware and software conditions of Chinese cities. Specifically,
expand the pilot scope in cities with dense populations, well-
developed industries, and convenient transportation. In cities
where the pilot conditions are less favorable, enhance the
effectiveness of policy guidance and strengthen economic
development, technological innovation, and the development of
digital infrastructure to ensure the smooth progression of AI
innovation development pilot projects in these zones.

Second, to establish a green development concept across society.
Local governments should encourage residents to adopt green and
low-carbon lifestyles by promoting smart public transportation,
energy-efficient smart home appliances, and paperless office
practices. Additionally, environmental taxes and carbon trading
mechanisms can encourage businesses to participate in carbon
reduction efforts. This approach helps position governments,
societies, businesses, and individuals as key players in energy
conservation and emission reduction, fostering voluntary carbon
reduction actions.

Third, a comprehensive environmental governance framework is
crucial for building an ecological civilization and protecting the
environment. Local governments should formulate policies and
implementation strategies for AI applications, tailored to their
specific economic development conditions, industrial layouts, and
resource advantages. For example, Beijing has introduced the “Beijing
Artificial Intelligence Empowerment New Industrialization Action
Plan (2025)”, while Shenzhen has launched the “Shenzhen Action
Plan to Accelerate the Construction of an Artificial Intelligence
Pioneer City”. In the process of refining environmental regulations,
a positive interaction between national policies and city strategies is
established.

Fourth, fully leverage the convenience and intelligence of digital
technologies to refine the national urban carbon emissions
assessment system. The government should regularly track and
evaluate the effects of AI pilot policies on carbon emissions in
each pilot city. Since building a carbon emissions database requires
funding and professional expertise, the government and businesses
need to collaborate on this initiative. Joint efforts by the government

and companies will ensure comprehensive, transparent access to
carbon emissions data. It is recommended that the carbon emissions
database be made publicly accessible. This would provide a
convenient data-acquisition platform for government decision-
makers, corporate managers, and researchers, thereby facilitating
the co-construction and sharing of data.

7 Limitations and future research
discussion

AI pilot policies are continuously being improved, and AI
technology is increasingly permeating all aspects of production
and daily lives. Emphasizing the development of AI aligns with
the objective laws of social productivity development. It is a
proactive strategy for achieving dual carbon goals and enhancing
the quality of life. However, addressing carbon emissions is a
complex socio-economic challenge, and the effectiveness of AI
pilot policies also requires a more extended implementation
period for robust validation. The limitations of this study are
inevitably constrained by subjective and objective conditions. To
address these limitations and guide future research, while the impact
of individual policies on urban carbon emissions is crucial for policy
evaluation, current research on urban carbon reduction remains
incomplete. Therefore, future studies should focus on the combined
effects of multiple policies and their differentiated responses to more
accurately identify the mechanisms of urban carbon reduction. This
study selected specific control variables for baseline regression in the
DID model. However, urban carbon emissions are influenced by
numerous factors, and ongoing research is necessary to adapt to
evolving conditions and policies. The control variables chosen in this
study are limited in scope. For instance, other important control
variables such as energy structure, transportation structure, and
industrial composition also impact carbon emissions. This
highlights the need to expand the range of control variables in
future research to capture a more comprehensive understanding of
the factors influencing carbon emissions. Objectively speaking, due
to the imbalanced development among cities, there are issues with
the flow of population, resources, and capital. Therefore, it is
necessary to consider the spatial spillover effects of urban carbon
emissions in achieving the “Dual Carbon” goals. This requires
coordinated planning and scientific layout across regions.
Therefore, in future research, we will focus on these limitations
and actively explore a more thorough and scientific evaluation of the
policy effects of AI on carbon emissions.
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