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Abstract: In response to urban digital intelligence transformation (DIT) and the rising
global emphasis on corporate carbon performance (CP), this study leverages the “National
New-Generation AI Innovation Development Pilot Zones” (NAIPZs) as a quasi-natural
experiment. Utilizing an unbalanced panel of A-share listed firms from China’s Shang-
hai and Shenzhen stock exchanges between 2010 and 2022, this study employs a multi-
period Difference-in-Differences (DID) model combined with propensity score matching
(PSM-DID) to examine how urban DIT affects corporate CP and its underlying mechanisms.
The results indicate that the policy significantly enhances corporate CP, with robustness
confirmed through parallel trend, placebo, and PSM-DID tests. Heterogeneity analysis
shows stronger effects for non-state-owned enterprises, high-pollution industries, and large
enterprises. Mechanism analysis reveals that green technological innovation and R&D
expenditure are key drivers of improved CP. The study concludes with policy suggestions
including tailored regulation, the development of innovation platforms, strengthened R&D
support, and the implementation of monitoring systems to better harness AI technologies
for improving corporate carbon performance.

Keywords: urban digital intelligence transformation; corporate carbon performance;
multi-period Difference-in-Differences; green technological innovation; R&D expenditure

1. Introduction
As the global issue of climate change becomes increasingly severe, corporate carbon

emissions have garnered widespread attention worldwide. Climate change has become a
global challenge with profound impacts on human society and the natural environment [1].
In response to this challenge, governments and international organizations around the
world are taking measures to advance the establishment of a low-carbon economy. Given
this background, growing emphasis has been placed on the environmental impact of corpo-
rate carbon emissions worldwide. As key participants in economic activities, corporations
contribute a significant portion of the global total emissions. Therefore, reducing corpo-
rate carbon emissions is not only a crucial means of addressing climate change but also
an important way for companies to fulfill their social responsibilities and enhance their
image. Many countries have already implemented carbon trading systems to incentivize
companies to reduce emissions through market mechanisms [2]. Moreover, an increasing
number of companies are proactively taking steps, such as improving production processes,
using clean energy, and enhancing energy efficiency, to reduce their carbon footprint.

China has been actively advancing a comprehensive array of strategies to mitigate
carbon emissions at the corporate level. These strategies encompass the promotion of clean
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energy utilization, enhancement of energy efficiency, and the enforcement of stringent
environmental regulations and standards. Additionally, the government has provided
economic incentives such as fiscal subsidies and tax breaks to encourage companies to
reduce emissions and promote green, low-carbon development. Through these comprehen-
sive measures, China is committed to significantly reducing carbon emissions to tackle the
global climate change challenge.

As China’s economy enters a new phase of development, the Chinese government
has launched initiatives for urban digital intelligence transformation (DIT). This initiative
specifically emphasizes the deep integration of AI technology with urban business needs,
exemplified by applications such as “AI + Industrial Economy”, “AI + Citizen Life”, and “AI
+ Smart City”. These multifaceted AI integrations aim to empower urban digital intelligence
transformation, thereby promoting the modernization of urban governance systems and
capabilities and reshaping urban development patterns. With the deepening of urban DIT,
especially the widespread application of new-generation artificial intelligence technologies,
unprecedented opportunities have emerged. These opportunities will greatly enhance the
energy efficiency of enterprises and significantly reduce carbon emissions [3]. For instance,
predictive maintenance in smart manufacturing utilizes AI to analyze equipment data,
providing early warnings of potential failures to minimize downtime and resource wastage.
Similarly, smart logistics and supply chain management leverage AI to optimize delivery
routes and inventory control, reducing fuel consumption and carbon emissions. Renewable
energy forecasting and management maximize wind and solar power generation efficiencies
through precise meteorological data analysis. Collectively, these applications provide
robust support for enterprises striving to achieve their energy conservation and emission
reduction goals. Digital intelligence is not just a tool but an important means to promote
efficiency improvement and technological innovation. It is gradually being integrated into
various fields of economic and social development, and it has also played a positive role in
ecological protection. Through the empowerment of digital intelligence, various industries
are revitalized, and traditional industries have been able to undergo technological upgrades
for transformation and improvement, thereby breathing new life into them under the new
era’s background.

The concept of carbon performance (CP) was first introduced by Hoffmann and Busch,
integrating the dual objectives of economic benefits and carbon emission reduction. It is
regarded as a crucial metric for assessing the efficiency of carbon reduction efforts and the
effectiveness of environmental policy implementation [4]. Corporate CP, as an integral
part of corporate environmental performance, is comprehensive, emphasizing not only
improvements in emission efficiency but also considering economic benefits. Research
indicates that corporate CP is influenced by both internal and external factors. Internal
factors include corporate carbon risk awareness and green innovation [5], while external
factors encompass government supervision [6]. In the context of China’s accelerated
transition towards a low-carbon development phase, exploring whether pilot programs for
carbon emissions trading can incentivize companies to enhance their CP is essential. This
exploration will contribute to objectively evaluating the impact of urban digital intelligence
transformation on corporate low-carbon development, providing critical evidence for the
nationwide promotion of such policies and the achievement of China’s “dual carbon” goals.

In this context, this study adopts the multi-period Difference-in-Differences (DID)
model to examine the impact of urban DIT on corporate CP. Taking the pilot cities of new-
generation artificial intelligence as examples, it deeply analyzes how digital transformation
can improve corporate carbon emission performance by improving energy efficiency, pro-
moting green technology innovation, and optimizing supply chain management. Moreover,
heterogeneity analysis highlights the differential effects of urban DIT on enterprises based
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on ownership-type industry pollution intensity and enterprise scale. Further analysis shows
that urban digital transformation can enhance corporate CP by promoting R&D investment
and green technological innovation (GI). This paper seeks to offer theoretical insights and
policy-oriented guidance for advancing urban sustainable development and promoting
corporate green transformation. It hopes to help cities and enterprises take more effective
measures to tackle the global challenge of climate change, balancing the dual objectives
of sustainable economic growth and environmental conservation, thereby contributing to
global climate mitigation efforts and the promotion of environmental sustainability.

2. Literature Review
Artificial intelligence (AI) has accelerated the process of urban DIT. As a key strategy

for the advancement of the digital economy, urban DIT has become crucial in driving
China’s economic transformation, industrial upgrading, and high-quality corporate devel-
opment. For example, building open data platforms, industrial collaboration networks,
and intelligent information systems helps break down “information silos” between enter-
prises, promotes information flow and resource sharing, and improves the targeting of
budgeting and subsidy policies. At the same time, urban digital intelligence transformation
provides a supportive environment for digital talents in employment and entrepreneurship,
along with multi-level technical and resource support. Moreover, beyond efficient public
service platforms, urban digital intelligence transformation is also advanced through the
establishment of high-tech industrial parks and technology incubators. These bases offer
comprehensive support to start-ups and promote the deep integration of technological and
industrial innovation. Based on these facts, this research constructs a quasi-experimental
design based on AI pilot initiatives and utilizes a multi-period DID approach to investigate
how urban digital transformation influences corporate carbon performance, integrating
both theoretical rationale and empirical analysis.

By reviewing existing literature, we observe that corporate CP has become a focal issue
of great interest to both academia and industry. Current research on CP primarily focuses
on its incentive mechanisms. Factors influencing green technology innovation (GTI) activi-
ties are extensive. Previous research indicates a multifaceted linkage between economic
development and corporate CP, highlighting technological innovation and the adoption of
clean energy as critical drivers for decreasing carbon intensity per unit of production [7].
Energy consumption and supply directly affect corporate carbon emissions; optimizing the
energy structure and substituting clean energy significantly reduce carbon emissions [8].
International trade indirectly influences corporate carbon emissions by altering production
models and energy consumption structures, with export-oriented industries presenting
particularly prominent carbon emission issues [9]. In the process of urbanization, enhanc-
ing energy efficiency and developing public transportation help lower carbon emissions,
although challenges brought by urban expansion cannot be ignored [10]. Adjustments in
industrial structure, especially transitions towards low-carbon sectors, positively contribute
to reducing corporate carbon emissions [11]. The new media environment promotes green
technology activities among heavily polluting enterprises, thereby lowering their carbon
emissions [12]. Environmental taxes positively influence companies in reducing carbon
emissions [13]. Environmental regulation also plays a positive role in reducing corporate
carbon emissions [14]. Moreover, the development of the digital economy and the Internet
offers new opportunities to improve corporate energy efficiency and promote green tech-
nology innovation, with AI applications demonstrating significant potential in reducing
carbon emissions [15]. However, although existing studies have extensively explored the
factors influencing corporate CP, few have systematically examined the causal effect of
urban DIT on corporate CP from this perspective. Given the significant potential of urban
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DIT in areas such as energy optimization and green innovation, this study aims to explore
how urban DIT affects carbon emission efficiency and its underlying mechanisms from this
new angle. In doing so, it expands the existing research framework on corporate CP.

Regarding the research on the impact of urban DIT on corporate CP, scholars primar-
ily focus on the perspective of AI, examining how AI influences carbon emissions. The
adoption of industrial robots can boost production effectiveness alongside environmental
management proficiency, promoting corporate green transformation [16]. Intelligent trans-
formations improve corporate green technology innovation by strengthening the allocation
efficiency of production factors, encouraging information dissemination, raising R&D
spending, and enhancing the deployment of human resources [17]. Applications of the
Internet and information technology (IT) strengthen environmental monitoring and assess-
ment capabilities, making environmental policies more precise and effective [18]. Within
supply chain management practices, AI optimizes logistics and inventory management,
reducing carbon footprints during transportation [19]. The implementation of intelligent
manufacturing systems, utilizing AI for production scheduling and quality control, further
decreases energy consumption and material waste in production processes [20]. AI sig-
nificantly reduces carbon emissions during the process of promoting green technological
innovation and enhancing the compatibility between humans and machines [21]. Addi-
tionally, AI’s powerful data analysis capabilities provide decision support for corporate
management, helping identify emission reduction opportunities and implement effective
environmental strategies [22]. The application of AI in environmental monitoring increases
transparency regarding corporate environmental impacts, promoting compliance with
environmental regulations and reducing non-compliance emissions [23]. Finally, through
analyzing consumer behavior, AI helps businesses develop greener products that better
meet market demands, facilitating a transition to a low-carbon market [24]. Previous re-
search has primarily focused on the impact of AI technology itself on corporate CP, with
less attention given to the effects of policy-driven urban DIT on corporate CP. Therefore,
this study considers the establishment of National New-Generation AI Innovation Devel-
opment Pilot Zones as a “natural experiment” for urban DIT, aiming to identify the causal
effects of urban DIT on corporate performance.

In conclusion, extensive research has been conducted on the determinants of corporate
CP and the influence of AI on corporate CP, providing a basis for investigating the linkage
between urban DIT and corporate CP. However, previous research on the impact of AI on
corporate CP has overlooked the mechanisms by which policy-driven urban DIT affects
corporate CP. Compared with previous studies, the main contributions of this paper are
the following: first, it combines the NAIPZ evaluation and corporate CP into a unified
analytical framework. This approach explores the role of policy-empowered urban DIT in
promoting corporate CP. By adopting a multi-period DID model and related robustness
tests, the accuracy and reliability of the research results are ensured. Second, this study
provides empirical evidence for understanding the heterogeneous impacts of NAIPZs on
corporate CP, offering insights for targeted policy design. Third, it contributes to clarifying
the underlying mechanisms through which NAIPZs enhance corporate CP. By examining
the roles of green technology innovation (GI) and R&D investment, this research deepens
the understanding of how NAIPZs influence corporate CP through different pathways.
The findings offer theoretical support and practical implications for policymakers seeking
to further improve NAIPZs and promote corporate CP development.
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3. Theoretical Analysis and Research Hypotheses
3.1. Policy Background

With the rapid advancement of artificial intelligence technologies, their global eco-
nomic and social impact has become increasingly significant. In this context, the Chinese
State Council promulgated the “New-Generation Artificial Intelligence Development Plan”
(hereafter referred to as the “Notice”) in 2017. The “Notice” outlined China’s development
direction and key tasks in the field of artificial intelligence, emphasizing the importance
of establishing NAIPZs. In 2019, to fulfill the directives of the “Notice”, the Ministry
of Science and Technology released the “Guidelines for the Establishment of NAIPZs”
(hereafter referred to as the “Guidelines”), officially initiating pilot zone construction at
the prefecture-level city scale. The “Guidelines” provided specific instructions and stan-
dards for pilot zone construction, aiming to explore new models and pathways for AI
development through pioneering policy measures. This initiative sought to facilitate the
adoption and industrialization of AI technologies across various sectors. Between 2019
and 2023, the Ministry of Science and Technology established NAIPZs in 18 cities across
seven phases. The establishment of these pilot zones promoted extensive cooperation with
enterprises and investigated innovative approaches for the integrated advancement of AI
technologies and commercial activities, exemplified by initiatives like the national new-
generation AI open innovation platforms. The pilot zones seek to investigate innovative
governance frameworks in the context of the AI era, establish AI as a key driver for urban
digital transformation, and expedite the advancement of urban DIT. As of December 2024,
18 cities nationwide have been approved for the establishment of NAIPZs. Each city, based
on its unique characteristics and development needs, has defined distinct objectives and
focus areas. The construction of these pilot zones is a significant initiative by China to
respond to global AI development trends and advance the construction of national strategic
technological capabilities. It holds great importance for fostering the healthy development
of China’s AI industry and advancing its strategic goals in technology.

3.2. Theoretical Analysis of the Impact of Urban DIT on Corporate CP

Amidst the challenges of global climate change, corporate CP serves as a vital metric
for evaluating a firm’s sustainability capacity. Urban DIT, which leverages digital and
intelligent technologies to modernize city management and operations, plays a significant
role in influencing corporate CP [25]. Digital intelligence transformation contributes to the
optimization of resource allocation, promotes higher energy utilization efficiency, dimin-
ishes energy consumption, and subsequently leads to a reduction in carbon emissions [26].
Additionally, with big data analytics and intelligent monitoring, companies can allocate
resources and schedule production more precisely, reducing waste and further optimizing
CP [19]. For example, smart manufacturing systems can dynamically adjust equipment
operation statuses based on production schedules, avoiding unnecessary high-energy con-
sumption activities. Meanwhile, energy management systems can achieve fine-grained
monitoring of critical resources such as water, electricity, and gas through the use of sensors
and the Internet of Things (IoT), thereby enhancing energy efficiency and reducing the
carbon emission intensity per unit of output. Urban DIT also optimizes supply chain man-
agement by increasing transparency and efficiency, thereby reducing the carbon footprint in
logistics and helping enterprises achieve low-carbon operations. For example, blockchain,
cloud computing, and AI prediction models enable enterprises to monitor and optimize
their supply chains and logistics operations more efficiently. This reduces empty loads,
redundant transportation, and inventory cycles, thereby lowering carbon emissions from
logistics activities. Urban DIT also enhances environmental supervision; by applying AI
for monitoring and data analysis, cities can conduct continuous and multi-dimensional
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supervision of pollution emissions, improving the detection and enforcement of violations.
In addition, urban DIT improves the collection and transparency of carbon data, provid-
ing enterprises with reliable data support for carbon accounting and the formulation of
science-based emission reduction strategies [27].

Therefore, we hypothesize the following:

H1. Urban DIT significantly improves corporate CP by enhancing resource allocation efficiency,
optimizing supply chain management, and strengthening regulatory oversight.

3.3. Path Analysis of the Impact of Urban DIT on Corporate CP

To explore the impact of urban DIT on corporate CP, we focus on the perspectives of
technology and R&D investment.

On the one hand, urban DIT improves corporate CP through GI. According to dynamic
capabilities theory, enterprises need to continuously update their resource allocation and
organizational processes in response to a constantly changing environment in order to
maintain a competitive advantage [28]. Urban DIT can enhance efficiency, optimize supply
chains, and stimulate green technology innovation vitality in enterprises. The enhancement
of green technological innovation capabilities significantly reduces corporate carbon emis-
sions [2]. AI innovation pilot areas support improvements in corporate carbon efficiency
by encouraging the use and development of eco-friendly technologies. The application
of urban AI technologies and the improvement of informatization levels, enabled by in-
telligent monitoring and predictive analytics, contribute to more effective environmental
management and strengthen oversight of corporate emissions. This compels companies to
engage in green technological innovation and adopt cleaner production methods. Moreover,
advancements in technology create opportunities to improve energy utilization efficiency,
thereby reducing carbon emissions [7]. From the resource-based view (RBV), green tech-
nological innovation serves as a rare and difficult-to-imitate strategic resource that can
help enterprises build sustainable competitive advantages [29]. Urban DIT enhances these
capabilities by improving information levels, strengthening data processing abilities, and
refining decision-making systems. Consequently, this empowers enterprises to better ac-
quire, integrate, and apply both internal and external resources, thereby enhancing their
green innovation capacity. According to cost–benefit theory, corporate green technology
innovation helps reduce production costs and resource consumption [30]. Urban DIT drives
the transformation of corporate production methods. The use of AI enhances departmental
coordination, enabling precise production and improving efficiency and cleanliness. Such
initiatives facilitate efficient resource allocation, enhance energy utilization, minimize waste
and environmental contamination, and establish a basis for a sustainable and low-carbon
economic development.

Therefore, we hypothesize the following:

H2a. Urban DIT significantly enhances corporate CP by driving corporate innovation and
improving green technological innovation capabilities.

On the other hand, urban DIT enhances corporate CP through R&D expenditure.
Based on endogenous growth theory, investment in research and development is essential
for firms to gain and maintain their competitive edge [31]. Urban DIT incentivizes firms
to increase their R&D investment in AI and related technologies, significantly impacting
their technological innovation capabilities and CP. Digital intelligence transformation can
stimulate corporate R&D investment through technology spillover effects. For example,
high-tech companies and research institutions within a city may serve as sources of knowl-
edge and technology, encouraging neighboring firms to increase their R&D expenditures.
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Government policies, such as subsidies and tax incentives, directly enhance corporate R&D
spending. During urban DIT processes, governments often introduce favorable policies to
promote increased R&D investment by firms. Additionally, improvements in the financ-
ing environment foster greater R&D investment by reducing financing costs. Urban DIT
may create a more favorable financing environment, making it easier and less costly for
companies to secure the capital needed for R&D [32]. Increased R&D investment directly
drives technological advancements and innovation capabilities. From the perspective of
institutional theory, the policy environment and market orientation shaped by urban DIT
influence firms’ expectations regarding the “legitimacy” of their behaviors [33]. As societal
attention to low-carbon development continues to grow, institutional pressures motivate
enterprises to invest in green technology R&D and transition toward cleaner production
methods. Increased R&D investment is one of the key drivers in this process [34]. It not
only directly promotes the adoption of cleaner production practices and the optimization
of energy structures but also contributes to the improvement of corporate governance and
the scientific decision-making processes [35].

In summary, urban DIT incentivizes enterprises to increase R&D spending, signifi-
cantly boosting their technological innovation capabilities and enhancing CP. Therefore,
this paper proposes the following hypothesis:

H2b. Urban DIT significantly enhances corporate CP by incentivizing enterprises to increase R&D
expenditure and improve technological innovation capabilities.

Based on the aforementioned research contents and hypotheses, this study constructs
a theoretical framework, as presented in Figure 1.

 

Figure 1. Theoretical framework.

4. Research Design and Methodology
4.1. Data and Sample

In order to ensure the robustness and credibility of the empirical findings, this study
utilizes a sample comprising A-share listed companies from the Shanghai and Shenzhen
stock exchanges over the period from 2010 to 2022. The company data are sourced from the
CSMAR database, including basic company information, control variables, green patent
data, and R&D investment calculations. The following data treatments were applied: ST, PT,
and *ST companies were excluded, and financial sector data were also removed. To address
the influence of outlier values, the control variables underwent 1% and 99% winsorization.
Data on carbon performance were obtained from the China Statistical Yearbook and the
China Energy Statistical Yearbook and subsequently merged with firm-level information to
construct a final dataset comprising 14,120 observations.
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To examine the impact of city-level factors on firm-level outcomes, we adopt the
principle that macro-level conditions influence micro-level entities. Specifically, broader
economic, social, and policy environments at the city level can shape the operating context
and behavior of firms located within those cities. Based on this logic, we matched each
firm-year observation with corresponding city-level control variables. This ensures that
each firm is associated with the macroeconomic and institutional environment of its city
during the relevant time period. As a result, the number of observations for city-level
variables matches that of the firm-level dataset. Moreover, city-level data are derived from
a panel data set covering 284 prefecture-level-and-above cities in China from 2010 to 2022.
To address data gaps, missing values were supplemented using interpolation techniques.
The original data primarily originate from the China City Statistical Yearbook and the
China City Construction Statistical Yearbook. All regression analyses were performed
using Stata-MP 18.0 software.

4.2. Variable Design
4.2.1. Dependent Variable

In this study, corporate carbon performance (CP) is measured by carbon usage per
unit of revenue [36]. The CP metric is calculated as follows:

CP = CR/CCEs

where CR = corporate revenue, and CCE = corporate carbon emissions.
A higher value of this indicator reflects lower carbon emissions per unit of revenue,

thereby indicating superior CP. Corporate greenhouse gas accounting follows the inter-
national standards outlined in the Greenhouse Gas Protocol, with data primarily sourced
from disclosures made by Chinese firms in their social responsibility reports, sustainability
reports, or environmental disclosure documents.

4.2.2. Independent Variables

In this study, urban DIT is represented as a dummy variable. We analyze the pi-
lot zones by matching the experimental zones with the companies located within them,
thus creating a dummy variable for enterprise-level pilot policies. Specifically, this is
achieved by incorporating an interaction term between the dummy variable representing
the construction period of the NAIPZs and the treatment group indicator.

The focus of the AI innovation and development pilot zone initiative lies in the
18 pilot zones designated in multiple batches between 2019 and 2022. The first batch of AI
innovation development pilot zones in 2019 included Beijing, Shanghai, Tianjin, Shenzhen,
Hangzhou, Hefei, and Huzhou. In 2020, Chongqing, Chengdu, Xi’an, Jinan, Guangzhou,
and Wuhan were added. Suzhou, Changsha, Zhengzhou, Shenyang, and Harbin joined the
list in 2021. These zones are part of China’s broader innovation-driven strategy, aimed at
rapidly integrating AI into economic, social, and national defense sectors through these
new pilot zones. The policy seeks to foster innovation in artificial intelligence technologies,
advance the development of an intelligent economy, and build a smart society. It endeavors
to proactively respond to emerging challenges and promote sustainable, human-centered
intelligence by constructing an integrated framework that links knowledge, technology,
and industry. In parallel, it emphasizes the establishment of supporting systems related to
talent development, institutional structures, and cultural foundations.

Thus, these policy pilots provide technical support and policy incentives to businesses,
fostering sustainable development through optimized resource allocation and improved
management efficiency. This study primarily examines the impacts of establishing AI
innovation and development pilot zones.
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4.2.3. Control Variables

In this study, the enterprise-level control variables used to accurately assess the impact
of urban DIT on corporate CP are as follows, based on previous research [37]. (1) Enterprise
listing age (ListAge): The natural logarithm of one plus the difference between the current
year and the firm’s listing year. This measures the historical experience of a company,
reflecting its maturity and stability in the market. (2) Return on assets (ROA): The ratio
of net profit to total assets, which is an indicator of profitability. It is the foundation for
corporate resource allocation and investment decisions. (3) Cash flow ratio (CashFlow):
The ratio of operating cash flow net amount to total asset value. This key resource reflects
the company’s short-term financial situation and liquidity. (4) Financial leverage (Lev): The
ratio of total liabilities to total assets at year-end, reflecting the company’s risk management
and financial structure. (5) Equity concentration (TOP): The sum of the holdings of the
top ten shareholders, which reflects the distribution of ownership and influences the
company’s decision-making and governance efficiency. (6) Fixed asset ratio (Fixed): The
share of net fixed assets in the total asset base, which is an important indicator for analyzing
capital structure and operational models. It helps assess financial stability and long-
term investment value. (7) Tobin’s Q (TobinQ): The ratio of market value to replacement
cost of assets, which evaluates the market performance and investment efficiency of the
company. It plays an important role in investment decisions, mergers and acquisitions, and
strategic planning.

City-level control variables: Building on existing research, this study further incor-
porates city-level control variables based on previous studies to enhance the explanatory
power of the model [38]. (1) Economic development level (PGDP): Calculated as the natural
logarithm of regional GDP per capita, this indicator reflects the city’s economic scale and the
living standards of its residents, which have a significant impact on the business operating
environment and market opportunities. (2) Education level (EDU): Measured by the ratio
of local educational expenditures to the local general budget expenditure. This ratio reflects
the city’s investment in education, which directly affects the quality of the workforce and
innovation capability. (3) Industrial structure (LND): This indicator, defined as the propor-
tion of secondary industry value added to regional GDP, captures the economic structural
features of a city and significantly influences business performance and competitiveness.
(4) Financial development level (FIN): This metric, calculated as the year-end total loan
balance of financial institutions divided by regional GDP, reflects the financial service
capacity and environment of the city, which play a crucial role in determining firms’ access
to financing and associated costs. (5) Degree of openness (OPEN): Represented by the loga-
rithm of the number of foreign-invested enterprises plus one, this indicator measures the
city’s openness and level of internationalization. It has a positive effect on attracting foreign
investment, technology introduction, and promoting technological innovation and market
expansion for businesses. By including these city-level control variables, this study can
more comprehensively assess the impact of urban DIT on corporate CP while controlling
for potential confounding effects from city characteristics.

4.2.4. Mechanism Variable

Green technology innovation (GI): In this study, green technology innovation is quanti-
fied by the number of green patent applications. The indicator, denoted as GI, is computed
as the natural logarithm of one plus the annual count of green patents filed. These patents
include both green invention patents and green utility model patents. Among these, green
invention patents capture a firm’s capacity for innovation in environmentally friendly tech-
nologies designed to address issues such as pollution control and ecological degradation.
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Research and development investment (RD): Measured by the ratio of a company’s
R&D expenditure to its operating income, indicating the company’s commitment to tech-
nological innovation. This indicates the degree of resource allocation a firm dedicates to
fostering sustainable development and technological advancements. Substantial invest-
ment in R&D not only signifies the company’s capability for innovation but also plays a
pivotal role in boosting its competitiveness and market standing.

Specific definitions are provided in Table 1.

Table 1. Variable definition.

Variable Type Variable Name Variable Symbol Measurement Method

Independent variables Digital intelligence
transformation DIT Treat × post

Dependent variables Carbon performance CP Corporate revenue/corporate
carbon emissions

Corporate control variables

Corporate listing age ListAge Ln (the current year − the listing year + 1)

Return on assets ROA Net profit/total assets

Cash flow ratio CashFlow Net cash flow from operating
activities/total assets

Financial leverage Lev Total liabilities at year-end/total assets
at year-end

Equity concentration TOP The sum of the shareholding percentages
of the top ten shareholders

Fixed asset ratio FIXED Net fixed assets/total assets

Tobin’s Q TobinQ Market value/replacement cost of assets

City control variables

Economic development level ECO Ln (per capita regional)

Education level EDU Local education expenditure/local fiscal
general budget expenditures

Industrial structure LND The added value of the secondary
industry/regional GDP

Financial development level FIN The balance of loans from financial
institutions at year-end/regional GDP

Degree of openness OPEN Ln (the number of foreign
− invested enterprises + 1)

Mechanism variable

Green technological
innovation GI Ln (green patent applications + 1)

Research and
development R&D R&D expenditure/revenue

4.3. Modeling

As mentioned earlier, 18 prefecture-level cities in China have been approved for the
construction of the NAIPZs. The establishment of these pilot zones has provided significant
support for the development of the urban AI industry and digital intelligence transfor-
mation and has made an important contribution to the application of digital intelligence
in specific business scenarios. This study employs the creation of the National New-
Generation Artificial Intelligence Innovation Development Pilot Zones as a quasi-natural
experiment to examine the effects of urban DIT on corporate CP. Listed companies located
in these cities are designated as the treatment group, while listed companies in other cities
serve as the control group. Since the years of establishment of the national technology trans-
fer regional centers vary across different cities, and the traditional Difference-in-Differences
(DID) model is suitable only for policy shocks occurring in the same year, this study, fol-
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lowing the approach of Li et al., adopts the following Difference-in-Differences model for
empirical analysis [39]:

CPi,t = β0 + β1DITi,t + β2controlsi,t + Corporatei + Yeart + εi,t (1)

where CPi,t represents the carbon performance of firm i in year t, and DITi,t is a dummy
variable indicating the interaction term between the policy period dummy and the treat-
ment group dummy, specifically DITi,t = treat × post. Here, treat × post serves as the
policy dummy variable, where treati equals 1 if the city where the listed company is regis-
tered has been approved to establish a NAIPZ during the sample period, and 0 otherwise.
Meanwhile, postt equals 1 after the city has been approved for zone establishment, and
0 otherwise. The coefficient β represents the strength and direction of the relationship
between each independent variable and the dependent variable. Specifically, β0 is the
intercept term in the regression equation, indicating the expected value of the dependent
variable when all independent variables are equal to zero. β1 and β2 are regression co-
efficients, which indicate the expected change in the dependent variable for a one-unit
increase in the corresponding independent variable, holding all other variables constant.
Theoretically, the value of β can range from negative infinity to positive infinity. However,
in practice, its magnitude is influenced by factors such as the distribution of the data, model
specification, and sample size. This study focuses on the coefficient β1 of the core explana-
tory variable DITi,t, which reflects the impact of urban DIT on the explained variable CPi,t.
Additionally, controlsit represents a series of control variables at the corporate level, while
Corporatei and Yeart denote individual fixed effects and year fixed effects, respectively.
Finally, εi,t represents the random error term.

To verify Hypotheses 2 and 3, this study adopts an effect mechanism analysis model,
examining the pathways through which urban digital intelligence enhances corporate CP.
Specifically, the analysis proceeds as follows:

Mechanismi,t = β0 + β1DITi,t + β2controlsi,t + Corporatei + Yeart + εi,t (2)

where Mechanismi,t represents the influence mechanism. The remaining variables are
consistent with those in Equation (1).

5. Analysis of Empirical Results
5.1. Descriptive Statistics

Table 2 provides descriptive statistics for the variables analyzed in this study. The
carbon performance (CP) variable exhibits a range from 0.246 to 2.389, reflecting substantial
heterogeneity in firms’ carbon emission efficiencies. Such variation likely arises from
differences in production processes, energy usage, and the extent to which low-carbon
technologies are implemented. Such heterogeneity could be shaped by various factors,
including firm size, industrial classification, and regional characteristics. With regard to
return on assets (ROA), the values range from −1.13 to 0.969, with a standard deviation of
0.07, suggesting moderate dispersion in financial performance across the sample companies.
The average financial leverage (Lev) is 41.1%, suggesting that the debt-to-asset ratio of the
sample companies is at a reasonable level. Ownership concentration (TOP) varies notably,
ranging from a minimum of 1.3% to a maximum of 90%, with a standard deviation of 0.149,
suggesting relatively low variability within the dataset. The maximum value of economic
development level (PGDP) is 12.58, and the minimum value is 7.601, showing evident
economic development disparities between regions. The mean education level (EDU) is
18.5%, with a minimum of 2.20% and a maximum of 36.4%, reflecting significant differences
in education levels across regions due to variations in their economic development. The
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degree of openness (OPEN) ranges from 0 to 8.471, with a standard deviation of 2.977,
indicating increased volatility in the data, which may be attributed to regional differences
in openness levels due to geographical conditions.

Table 2. Descriptive statistics of variables.

Variable N Mean SD Min Max

CP 14,120 0.475 0.734 0.246 2.389

DIT 14,120 0.187 0.390 0 1

ListAge 14,120 2.001 0.949 0 3.497

ROA 14,120 0.0470 0.0700 −1.130 0.969

CashFlow 14,120 0.0500 0.0710 −0.528 0.726

Lev 14,120 0.411 0.205 0.00800 0.994

TOP 14,120 0.346 0.149 0.01300 0.900

FIXED 14,120 0.223 0.154 0 0.912

TobinQ 14,120 2.048 2.207 0.681 122.2

PGDP 14,120 10.23 0.788 7.601 12.58

EDU 14,120 0.185 0.0370 0.0220 0.364

LND 14,120 44.06 11.87 19.240 26.49

FIN 14,120 0.965 0.565 0.0750 6.193

OPEN 14,120 2.977 2.029 0 8.471

GI 14,120 0.390 0.823 0 6.142

RD 14,120 0.0660 2.663 0 317.3

Corporate green technological innovation (GI) is assessed by the quantity of green
patent applications. The CP values range from 0 to 6.142, indicating substantial heterogene-
ity among firms. Enterprises possessing green patents typically demonstrate a stronger
commitment to environmental sustainability, whereas those lacking such patents often
allocate fewer resources to environmental initiatives. These variations are shaped by
differences in R&D capacity, market environments, and the extent of policy support.

R&D investment (RD) has a maximum value of 317.3% and a minimum value of
0%, suggesting significant individual differences in R&D investment among the sample
companies. Companies with higher R&D investment ratios are likely to focus more on
technological innovation and building long-term competitiveness, while companies with
lower or zero R&D investment may invest less in R&D activities and are more inclined to
rely on existing technologies and market resources. These differences may be influenced by
multiple factors, including company strategic positioning, financial conditions, industry
competition, and macroeconomic policies.

5.2. Benchmark Regression

The baseline regression results examining the effect of urban DIT on corporate CP
are presented in the Table 3. The dependent variable is the CP of listed firms. In column
(1), the model controls for firm and time fixed effects but does not include additional
control variables. The regression results are positively significant, indicating that urban
DIT significantly improves the CP of local listed companies. In column (2), some firm-level
control variables are included. In column (3), all firm-level control variables are included.
In column (4), city-level control variables are added to the model.
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Table 3. Benchmark regression results.

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

CP CP CP CP

DIT
0.035 *** 0.034 *** 0.034 *** 0.033 **

(0.0077) (0.0099) (0.0096) (0.0105)

ListAge
0.033 *** 0.031 ** 0.032 **

(0.0061) (0.0219) (0.0192)

ROA
0.182 *** 0.218 *** 0.219 ***

(0.0076) (0.0047) (0.0046)

CashFlow
−0.019 −0.018 −0.020

(0.7426) (0.7569) (0.7231)

Lev
0.086 ** 0.087 **

(0.0183) (0.0163)

TOP
0.141 0.140

(0.2415) (0.2446)

FIXED
0.024 0.022

(0.5972) (0.6331)

TobinQ
−0.002 −0.002

(0.1608) (0.1685)

PGDP
0.007

(0.6158)

EDU
−0.056

(0.6695)

LND
−0.001 **

(0.0424)

FIN
−0.002

(0.7254)

OPEN
0.000

(0.9531)

_cons
0.456 *** 0.370 *** 0.287 *** 0.285 *

(0.0000) (0.0000) (0.0000) (0.0998)

Corporate FE Yes Yes Yes Yes

Year FE Yes Yes Yes Yes

N 14,120 14,120 14,120 14,120

R2 0.695 0.696 0.696 0.696
* p < 0.1. ** p < 0.05. *** p < 0.01.

5.3. Parallel Trend Test

The parallel trend assumption is a prerequisite for conducting a DID analysis with
multiple time points, meaning that the innovation levels of the treatment and control
groups must follow a common trend before the policy intervention in order to use DID
analysis. If significant pre-existing differences are present between the treatment and
control groups before the policy implementation, the observed impact of urban DIT may
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be confounded by other influencing factors. Figure 2 illustrates the pre- and post-policy GI
trends for both the treatment and control groups. Following standard practice, the period
of policy implementation is excluded as the base period. The confidence intervals for the
coefficients before the policy implementation include zero, indicating that the β values
are not statistically significant. However, in the second year after policy implementation,
the estimated values become significantly positive, showing a notable difference. This
suggests that there were no systematic differences between the treatment and control
groups before the policy was implemented, and that the impact of urban DIT on corporate
CP performance exhibits a certain degree of latency. The delay is due to the time required
for the policy’s effects to materialize.

Figure 2. Parallel trend test.

5.4. Endogeneity and Robustness Test

To ensure that unobserved omitted variables do not bias the baseline regression results,
this study conducts a placebo test. A pseudo-policy group is constructed by generating
a pseudo-policy dummy variable, randomly selecting a list of dummy treatment groups
of the same size as the treatment group from the total sample, with the remaining as the
control group. This process is repeated 1000 times. As shown in Figure 3, the coefficients
from the placebo test follow a normal distribution centered around zero, which is far from
the true coefficient. Moreover, most of the p-values are above 0.1. The random coefficients
are primarily located to the left of the true value of 0.0331 and are statistically significant
at the 1% level. These results indicate that the improvement in corporate CP is due to the
actual policy, rather than other random factors.
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Figure 3. Placebo tests.

Considering the potential issue of omitted variables at the city level, where the corpo-
rate CP of listed companies could be influenced by city characteristics such as the urban
environment, innovation atmosphere, government service capacity, and governance system,
which may vary in their impact on corporate CP, this study further includes city fixed
effects. The regression results are shown in Table 4. In column (1), the regression results
with the dependent variable and urban DIT remain significantly positive, indicating that
urban DIT has a positive impact on improving corporate CP, and the results are robust.

Table 4. Robustness test results.

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

CP CP CP CP

DIT
0.031 ** 0.051 *** 0.031 ** 0.042 **

(0.0178) (0.0054) (0.0160) (0.0127)

ListAge
0.032 ** 0.020 * 0.031 ** 0.026

(0.0193) (0.0868) (0.0239) (0.1979)

ROA
0.225 *** 0.137 ** 0.208 ** 0.249 **

(0.0027) (0.0160) (0.0111) (0.0348)

CashFlow
−0.012 −0.024 −0.013 0.010

(0.8349) (0.6786) (0.8291) (0.9060)

Lev
0.083 ** 0.088 *** 0.087 ** 0.100 *

(0.0198) (0.0037) (0.0202) (0.1000)

TOP
0.161 0.016 0.149 0.219

(0.1923) (0.7719) (0.2386) (0.3109)

FIXED
0.041 −0.006 0.020 0.108

(0.3738) (0.8737) (0.6805) (0.2237)
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Table 4. Cont.

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

CP CP CP CP

TobinQ
−0.003 −0.003 −0.002 −0.003

(0.1265) (0.2040) (0.1580) (0.2209)

PGDP
0.021 0.003 0.006 0.009

(0.1301) (0.8187) (0.6672) (0.6554)

EDU
−0.010 −0.123 −0.077 −0.140

(0.9430) (0.3342) (0.5696) (0.4618)

LND
−0.001 ** −0.002 *** −0.002 ** −0.001

(0.0214) (0.0006) (0.0309) (0.1747)

FIN
−0.002 −0.006 −0.011 −0.003

(0.7794) (0.3686) (0.4603) (0.7764)

OPEN
0.001 −0.005 −0.000 −0.001

(0.8718) (0.5434) (0.9963) (0.9094)

_cons
0.130 0.439 *** 0.313 * 0.254

(0.4829) (0.0035) (0.0982) (0.3505)

Corporate FE Yes Yes Yes Yes

Year FE Yes Yes Yes Yes

City FE Yes No No No

N 14,120 10,911 13,790 9022

R2 0.697 0.763 0.693 0.675
* p < 0.1. ** p < 0.05. *** p < 0.01.

To verify the robustness of urban DIT’s impact on enhancing corporate CP, this research
adopts an alternative metric for measuring CP. In the baseline regression, the dependent
variable is replaced with the corporate carbon emissions index, which is calculated as the
ratio of the corporate revenue divided by the product of the ratio of industry-level carbon
emissions to industry operating costs and the corporate operating costs. Corporate CP is
measured as revenue per unit of carbon emissions [40]. The robustness check is conducted,
and the regression results, as shown in column (2) of Table 4, indicate that the regression of
the dependent variable with urban DIT remains significantly positive, further confirming
that urban DIT positively affects the improvement in CP.

To address potential endogeneity arising from sample selection bias, this study
adopts the propensity score matching–Difference-in-Differences (PSM-DID) approach.
This method pairs each treated observation with a comparable control observation, effec-
tively approximating random assignment in the quasi-natural experiment. The matching
process utilizes the study’s control variables as matching criteria, implementing 1:1 nearest
neighbor matching with caliper restrictions to identify suitable control groups. Following
successful matching, a staggered DID analysis is conducted on the matched sample. As
presented in column (3) of Table 4, the regression outcomes using the common support
sample demonstrate that the DIT coefficient remains statistically significant and positive,
thereby reinforcing the reliability of the baseline regression findings.

Additionally, considering that urban DIT may be influenced by geographic location
and other city characteristics, mega-cities and provincial capitals, compared to other cities,
have a greater locational advantage. Therefore, to further clarify the impact of urban
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DIT on the innovation activities of businesses in cities of a certain scale, and especially
to exclude the inherent influence of endogenous factors such as economic development
between cities, the study conducts a robustness check with subsample analysis. Specifically,
since Beijing, Shanghai, Guangzhou, and Shenzhen are four of China’s innovation reform
frontiers and the most economically developed regions, they are likely to serve as pilot
areas for urban DIT. Therefore, in column (4) of Table 4, these four mega-cities are excluded
from the sample. In addition to these four cities, provincial capitals are the “vanguards”
of economic development and possess stronger locational advantages. Thus, in column
(4) of Table 4, provincial capitals are further excluded to improve the robustness of the
research conclusions. The results in Table 4 demonstrate that urban DIT continues to exert
a significantly positive effect on enterprise CP, further validating the robustness of our
empirical findings.

5.5. Heterogeneity Analysis

To explore industrial heterogeneity, this study analyzes variations across corporate
ownership structures, pollution-intensive sectors, and firm size categories. Specifically, we
assess the impact of urban DIT on state-owned enterprises (SOEs) versus non-state-owned
enterprises (non-SOEs), high-pollution enterprises (HPEs) versus non-high-pollution enter-
prises (non-HPEs), as well as on large enterprises (LEs) versus small and medium-sized
enterprises (SMEs).

SOEs and their non-state counterparts exhibit distinct characteristics across multiple di-
mensions, including corporate governance structures, strategic priorities, and resource allo-
cation mechanisms. These distinctions may significantly influence the extent to which firms
prioritize green technology innovation and efforts to enhance CP, as well as the effectiveness
of such initiatives. To investigate the potential moderating effect of ownership structure
on the green innovation–CP relationship, we conduct subgroup analyses by categorizing
sample firms into SOEs and non-SOEs, then estimating models (1) and (3) separately for
each ownership type. As shown in Table 5, the coefficient of GI is 0.024 and 0.057, both sig-
nificant at the 10% level, with SOEs showing a higher coefficient. This suggests that green
technology innovation in SOEs more effectively enhances CP. This is because non-SOEs
often face higher market competition and do not receive the same level of direct support
and security from the government as SOEs. Therefore, they are more driven to adopt digital
intelligence technologies to boost efficiency, optimize resources, cut costs, and improve
corporate CP. Moreover, non-SOEs benefit from more flexible decision-making, enabling
quicker responses to market changes and faster implementation of new technologies, thus
enhancing corporate CP.

Table 5. Analysis of heterogeneity.

(1) (2) (3) (4) (5) (6)

SOEs non-SOEs HPEs non-HPEs LEs SMEs

DIT
0.024 * 0.057 * 0.042 ** 0.011 0.040 * 0.011

(0.0621) (0.0772) (0.0127) (0.4917) (0.0543) (0.4917)

ListAge
0.040 ** 0.054 0.026 0.029 ** 0.084 0.029 **

(0.0127) (0.1577) (0.1979) (0.0277) (0.1764) (0.0277)

ROA
0.234 ** 0.142 0.249 ** 0.175 *** 0.142 0.175 ***

(0.0115) (0.1520) (0.0348) (0.0050) (0.2090) (0.0050)
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Table 5. Cont.

(1) (2) (3) (4) (5) (6)

SOEs non-SOEs HPEs non-HPEs LEs SMEs

CashFlow
−0.009 −0.063 0.010 −0.077 * 0.086 −0.077 *

(0.8873) (0.5971) (0.9060) (0.0869) (0.5171) (0.0869)

Lev
0.088 * 0.093 * 0.100 * 0.055 0.062 0.055

(0.0649) (0.0914) (0.1000) (0.1750) (0.2898) (0.1750)

TOP
0.231 0.075 0.219 0.004 −0.008 0.004

(0.2786) (0.4134) (0.3109) (0.9527) (0.9135) (0.9527)

FIXED
0.007 0.060 0.108 0.018 −0.006 0.018

(0.9182) (0.1881) (0.2237) (0.7190) (0.9116) (0.7190)

TobinQ
−0.002 −0.006 −0.003 −0.002 −0.001 −0.002

(0.3118) (0.1428) (0.2209) (0.3390) (0.7579) (0.3390)

PGDP
−0.011 0.043 ** 0.009 −0.018 0.032 −0.018

(0.5238) (0.0410) (0.6554) (0.3747) (0.1021) (0.3747)

EDU
−0.010 −0.269 −0.140 0.105 −0.276 0.105

(0.9482) (0.2193) (0.4618) (0.5103) (0.2331) (0.5103)

LND
0.000 −0.005 *** −0.001 −0.001 −0.003 *** −0.001

(0.6174) (0.0000) (0.1747) (0.1971) (0.0091) (0.1971)

FIN
0.007 −0.013 −0.003 −0.010 0.006 −0.010

(0.4090) (0.2764) (0.7764) (0.2280) (0.6471) (0.2280)

OPEN
0.015 * −0.033 * −0.001 −0.004 0.005 −0.004

(0.0636) (0.0820) (0.9094) (0.5737) (0.7447) (0.5737)

_cons
0.326 0.139 0.254 0.597 *** 0.049 0.597 ***

(0.1551) (0.5052) (0.3505) (0.0061) (0.8378) (0.0061)

Corporate
FE Yes Yes Yes Yes Yes Yes

Year FE Yes Yes Yes Yes Yes Yes

N 4418 9669 5090 9022 6064 7866

R2 0.738 0.686 0.675 0.781 0.664 0.781
* p < 0.1. ** p < 0.05. *** p < 0.01.

Furthermore, the impact of the policy varies by industry type. The results, shown in
columns (3) and (4), reveal that in heavily polluting industries, the policy coefficient is 0.042,
significant at the 5% level, while for non-HPEs, the coefficient is 0.011 and not significant.
In HPEs, the application of digital intelligence technologies leads to more pronounced
environmental performance improvements. This is due to two main factors: these industries
have significant room for optimization in energy consumption and emissions, and they
typically possess a strong automation foundation, making it easier to implement intelligent
upgrades and achieve notable benefits. Additionally, policies tend to prioritize support
for HPEs through financial subsidies, pilot projects, and technology promotion, creating a
synergistic effect between policy incentives and technological advancements. These factors
collectively result in greater corporate CP improvements in HPEs as they adopt digital
intelligence technologies.

To distinguish firm size, we take the natural logarithm of firms’ total assets at the end
of the year and divide the sample using the median value. Firms with asset values above
the median are classified as large enterprises, while the rest are categorized as SMEs. The
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impact of urban DIT on different enterprise sizes is shown in columns (5) and (6) of the
Table 5, with GI coefficients of 0.040 and 0.011, respectively. For LEs, the impact is significant
at the 10% level, while for SMEs, the impact is not significant. This disparity primarily stems
from the advantages that LEs possess in terms of financial resources, technical capabilities,
and management systems, enabling them to more effectively leverage automation, IoT, big
data, and other technologies to optimize production processes, improve energy efficiency,
and reduce emissions. Additionally, their economies of scale and influence within supply
chains facilitate overall green transformation. In contrast, SMEs face limitations due to
financial shortages, inadequate technical capabilities, and difficulties in accessing policy
support, making it challenging for them to effectively advance digital and intelligent
transformation. Moreover, the immediate survival pressures faced by SMEs often lead
them to prioritize short-term gains over long-term sustainable development.

The findings underscore the importance of tailoring policy design and implementa-
tion to account for the distinct features of various enterprise types and industrial sectors,
thereby enhancing policy effectiveness and fostering corporate sustainability. Going for-
ward, greater attention should be directed toward restructuring the governance systems
of SOEs to improve their responsiveness to CP. At the same time, it remains essential to
advance environmental enhancement initiatives within heavily polluting industries to
drive improvements in overall CP outcomes.

5.6. Further Effect Mechanism Analysis

Our analysis shows that urban DIT enhances corporate CP levels through two main
pathways: encouraging innovations in green technology and enhancing investment in
R&D. The regression results of the effect mechanisms are presented in Table 6. The re-
gression results indicate that the policy exerts a statistically significant positive impact
(p < 0.05) on corporate GI, with an estimated effect size of 0.001. This positive relationship
suggests that urban DIT has incentivized GI in enterprises. It not only directly boosts com-
panies’ GI but also indirectly influences their overall performance. The empirical results
further demonstrate that the policy significantly stimulates R&D investment (p < 0.10),
showing a positive coefficient of 0.015. This evidence suggests that the policy effectively
enhances corporate innovation capacity by boosting R&D expenditures, thereby facilitating
technological progress and ultimately contributing to improved corporate performance.

Table 6. Analysis of effect mechanisms.

(1) (2) (3)

CP GI R&D

DIT
0.033 ** 0.001 ** 0.015 *

(0.0105) (0.0105) (0.0747)

ListAge
0.032 ** 0.000 0.008

(0.0192) (0.9387) (0.2814)

ROA
0.219 *** −0.002 0.027

(0.0046) (0.3527) (0.4812)

CashFlow
−0.020 0.004 *** 0.004

(0.7231) (0.0020) (0.8980)

Lev
0.087 ** −0.002 ** −0.048 **

(0.0163) (0.0311) (0.0336)
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Table 6. Cont.

(1) (2) (3)

CP GI R&D

TOP
0.140 0.001 0.084 **

(0.2446) (0.6951) (0.0414)

FIXED
0.022 0.007 *** 0.007

(0.6331) (0.0000) (0.8449)

TobinQ
−0.002 0.000 0.000

(0.1685) (0.1518) (0.7951)

PGDP
0.007 −0.000 −0.015

(0.6158) (0.4220) (0.1667)

EDU
−0.056 −0.007 * −0.058

(0.6695) (0.0556) (0.5028)

LND
−0.001 ** −0.000 −0.000

(0.0424) (0.1040) (0.4258)

FIN
−0.002 0.001 −0.000

(0.7254) (0.2076) (0.9798)

OPEN
0.000 0.001 *** 0.007 *

(0.9531) (0.0008) (0.0728)

_cons
0.285 * 0.024 *** 0.209 **

(0.0998) (0.0000) (0.0430)

Corporate FE Yes Yes Yes

Year FE Yes Yes Yes

N 14,120 14,120 14,120

R2 0.696 0.878 0.589
* p < 0.1. ** p < 0.05. *** p < 0.01.

Based on the above analysis, urban DIT plays a substantial role in improving corporate
CP levels through enhanced GI and increased R&D investment. The analysis reveals dual
policy mechanisms: direct intervention effects coupled with enterprise-driven pathways
to sustainability through persistent GI and R&D commitments. These findings suggest
policymakers should design targeted incentive schemes to stimulate corporate investment
in strategic sectors, thereby creating mutually reinforcing economic–environmental benefits
while maximizing societal welfare gains.

6. Conclusions and Policy Recommendations
6.1. Conclusions

This research employs the NAIPZ initiative as a quasi-natural experiment, analyzing
panel data from Chinese listed firms during the 2010–2022 period. Utilizing a multi-period
DID methodology, the investigation systematically assesses both the direct effects and
transmission channels through which urban DIT influences corporate CP. The key findings
can be summarized as follows:

1. The results of the baseline regression analysis reveal a statistically significant positive
relationship between DIT and corporate CP. The baseline regression results, with-
out incorporating control variables, reveal that urban DIT exhibits a positive and
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statistically significant coefficient of 0.035. After adding firm-level control variables,
the coefficient for urban DIT remains at 0.035. When city-level control variables are
included, the coefficient slightly decreases to 0.033. This suggests that after the policy
implementation, corporate CP evaluations increased by 3.3%. The findings indicate
that, even when considering both firm-level and city-level factors, urban DIT has a
positive effect on corporate CP;

2. The parallel trends test supports the validity of the DID method. Before the pilot
policy was implemented, the CP level trends for the treatment and control groups
were consistent, showing comparability between the two groups prior to the policy’s
implementation. Following the implementation of the policy, the treatment group
exhibited a notable improvement in CP, whereas the control group showed no sig-
nificant change. This outcome further substantiates the positive effect of the AI pilot
policy on corporate CP;

3. An in-depth robustness analysis indicates that the placebo test, which assigns virtual
strategies at random time points, yields no significant influence on corporate CP,
thereby dismissing concerns related to random disturbances or model misspecification.
Moreover, the application of the PSM-DID method—integrating propensity score
matching with a Difference-in-Differences framework to address potential sample
selection bias—further reinforces the reliability of the positive association between
urban DIT implementation and corporate CP;

4. Industry heterogeneity analysis revealed that, under policy incentives, non-SOEs
and heavily polluting industries experienced significant improvements in ESG per-
formance, while state-owned enterprises showed less improvement compared to
non-state-owned enterprises, and there was no significant impact on non-heavy-
polluting industries. This may be attributed to the governance structure of these
enterprises, the market pressure they face, and the policy-driven incentives;

5. Mechanism analysis shows that the implementation of the policy significantly en-
hanced corporate GI and R&D investment. Therefore, urban DIT, on the one hand,
improves corporate CP performance by promoting innovation and enhancing green
technology capabilities, and on the other hand, it incentivizes companies to increase
R&D expenditure, which significantly boosts technological innovation and improves
corporate CP performance.

These findings provide valuable insights into how urban DIT can effectively drive
corporate sustainability and enhance environmental performance through innovation and
investment in R&D.

6.2. Policy Recommendations

Building on the above findings, we offer specific recommendations aimed at improving
the implementation of the NAIPZs and strengthening corporate CP. First, the construction
of NAIPZs should continue to empower urban DIT, improve corporate CP, and achieve
the goal of reducing urban carbon emissions. On the one hand, based on the experience
of the current NAIPZs, efforts should be made to continue advancing the construction
of these zones, creating replicable and scalable solutions to precisely support different
regions and promote urban DIT. The leading role of NAIPZs in urban DIT should be
fully utilized. At the same time, attention should be given to the targeted promotion
of the experiences from NAIPZs, with local governments tailoring the improvement of
corporate CP based on regional characteristics. On the other hand, based on the local
functional positioning, economic development, and resource endowment, experiences
should be cautiously and boldly adopted. Local governments should formulate innovation
incentive policies based on local characteristics to guide enterprises in relying on urban
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DIT to enhance technological capabilities, increase innovation capacity, optimize energy
consumption structures, and improve energy efficiency, thereby leveraging urban DIT’s
positive effects on both the technological and energy sides to reduce corporate carbon
emissions and achieve sustainable development.

Second, precise policies should be formulated based on the heterogeneity of enter-
prises, constructing a more-efficient urban DIT empowerment system and a greener en-
terprise production system. The impact of urban DIT on corporate CP is shaped by both
the characteristics of the enterprise itself and industry heterogeneity, leading to different
evolutionary paths. Therefore, policy formulation to promote corporate CP should fully
consider the differences and targeting of the policies. For SOEs, special reform actions
should be carried out, focusing on ownership systems, governance structures, and incentive
mechanisms. To boost the market competitiveness and innovation capacity of SOEs, a more
diversified ownership structure should be promoted. Additionally, a carbon performance-
oriented evaluation mechanism should be developed, incorporating CP targets into the
assessment of corporate executives. This would incentivize SOEs to transition from tra-
ditional scale-driven growth models toward more-sustainable development approaches.
More financial support and policy incentives for SOEs in the fields of CP and AI research
and development should be provided.

For non-state-owned enterprises, the impact of urban DIT on CP is more pronounced.
Therefore, the government should use AI and other technologies to empower tax reductions,
subsidies, and innovation funds to provide smarter and more-efficient financial support for
non-SOEs, encouraging them to increase R&D investment and adopt green technologies.
Policy measures should also be used to improve the financing environment for non-SOEs
and reduce their financing costs for green transformation. For HPEs, stricter environmental
standards should be implemented, prompting enterprises to accelerate technological up-
grades and adopt clean production technologies and circular economy models, reducing
resource consumption and waste emissions. Strengthening environmental supervision
HPEs through AI-based environmental monitoring and data analysis will enhance govern-
ment regulatory efficiency and effectiveness. Companies violating regulations should face
severe penalties to raise the cost of non-compliance. AI can also empower the construction
of green supply chains, guiding HPEs to establish green supply chains and enhancing the
green level of the entire industry chain through supply chain management. For non-HPEs,
they should be encouraged to implement green management practices and obtain relevant
environmental certifications to improve their market competitiveness. Financial incentives
such as subsidies and tax reductions should be used to encourage these enterprises to
invest more resources in green technology and product innovation, strengthening their
competitive advantage.

For SMEs, the government should increase support by establishing special green
digitalization funds, providing tax incentives, and facilitating access to financing, in order to
reduce the costs and barriers associated with technological upgrades. At the same time, the
construction of public service platforms for green technology R&D and application should
be strengthened, offering SMEs affordable technical consulting, talent training, and data
support to enhance their digital and intelligent capabilities. In addition, carbon performance
indicators can be integrated into government procurement and credit approval processes to
encourage SMEs to prioritize sustainable development. On the other hand, large enterprises
should play a leading role in the industrial chain by promoting the establishment of green
supply chain systems and facilitating coordinated emission reductions among upstream
and downstream SMEs. By combining policy guidance with market mechanisms, the
disparities among firms in the process of green transformation can be gradually reduced,
leading to broader and more balanced improvements in environmental performance.
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Additionally, enterprises may face several challenges during the transition, including
a lack of technical support, financial shortages, and talent deficiencies. The government
can provide technical support and services to help non-SOEs identify and adopt effective
green technologies and management practices. A special green technology innovation fund
for enterprises can be established, encouraging companies to collaborate with universities
and research institutions on green technology research and development, promoting the
commercialization of technological achievements. Through industry–academia–research
cooperation, innovation alliances can be formed to share resources and accelerate techno-
logical innovation and knowledge transfer. Financial institutions should be encouraged to
offer green credit, green bonds, and other financial instruments aimed at reducing corporate
financing burdens. Greater support should also be provided for talent development and the
adoption of advanced technologies within heavily polluting sectors. This would encourage
firms to integrate innovative green technologies and adopt best practices in environmental
management, thereby enhancing their CP.

Finally, a multi-faceted collaboration framework and mechanism should be estab-
lished, where by integrating resources from the governmental bodies, enterprises, academic
institutions, and financial entities, a collaborative approach can be established to collectively
enhance corporate carbon CP. A diversified cooperation mechanism, guided by government
policies, with enterprises as the main player, participation from universities and research
institutions, support from financial institutions, and involvement from the public and
social supervision, should be built to form a strong synergy for promoting corporate CP.
In practice, multi-stakeholder cooperation mechanisms may also encounter challenges
such as conflicts of interest and coordination difficulties. For example, enterprises may
experience negative impacts on short-term profits due to increased investment in environ-
mental protection, leading to tensions with the government’s sustainable development
goals. Financial institutions may lack motivation due to the relatively long payback periods
of green projects. In addition, public oversight mechanisms may become merely symbolic
if they lack adequate information transparency. To address these issues, it is necessary to
introduce a multi-level coordination mechanism: first, to alleviate the cost pressures asso-
ciated with corporate transformation through policy compensation mechanisms; second,
to establish cross-departmental collaboration platforms that enable policy coordination
and resource sharing; and third, to introduce third-party evaluation agencies to conduct
independent monitoring and feedback, thereby enhancing the fairness and transparency of
policy implementation.

6.3. Discussion and Outlook

This study only examines the effect of the AI pilot policy on corporate CP. However,
given the ongoing evolution of market and enterprise environments, it is essential to
continuously evaluate and optimize policy directions and technical support measures. Poli-
cymakers need to closely monitor the effectiveness of the policy implementation and make
timely adjustments to policy directions and priorities. For example, policy measures should
be tailored according to the developmental stages of various industries and enterprises.
This approach aims to enhance the precision and efficacy of such policies by addressing
the specific needs and contexts of different sectors and companies. Establishing a policy
evaluation and feedback mechanism is crucial. Regular assessments and summaries of the
AI pilot policy, coupled with feedback from enterprises and other social sectors, provide
a foundation for policy adjustments and optimization. Concurrently, enhancing policy
promotion and training can improve enterprises’ understanding and acceptance, thereby
increasing the adaptability and effectiveness of policy implementation.
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Moreover, this study has its limitations, and future research could expand on several
fronts. First, it is worthwhile to investigate the potential interactions between the AI
pilot policy and other relevant initiatives, such as the Broadband China pilot program,
environmental regulations, and industrial development policies. Research could investigate
how policy integration and collaborative promotion can maximize policy effectiveness.
Second, conducting cross-regional comparative studies could offer insights by contrasting
policies and practices in different regions or countries that promote corporate CP, analyzing
successful cases and challenges to provide an international perspective for policymaking.
Third, employing a variety of research methods—such as big data analytics, case study
approaches, and field investigations—could offer a more comprehensive understanding
of how AI pilot policies influence corporate CP, while also uncovering the underlying
micro-level mechanisms and the evolving nature of policy impacts.

In conclusion, the AI pilot policy provides important momentum and valuable oppor-
tunities for promoting improvements in corporate CP. Achieving successful implementation
of this policy, however, necessitates a collaborative approach involving governmental bod-
ies, businesses, non-governmental organizations, financial entities, and other relevant
parties. Through continuous refinement of policy strategies, enhancement of cooperative
endeavors, and innovation in research methodologies, we can more effectively utilize AI
technologies to foster corporate sustainability. This will contribute more substantially to
attaining balanced economic, social, and environmental advancement.
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