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Abstract

With the advancement of a new round of technological revolution and industrial transforma-
tion, regional AI development has become increasingly relevant to changes in government
governance performance (GGP). However, existing research has predominantly concen-
trated on a single dimension or static effects of AI development on GGP, lacking systematic
investigations into the short-term and long-term effects as well as spatial spillover effects.
To address these research gaps, using panel data from 286 prefecture-level cities in China
from 2009 to 2023, this study empirically examines the short-term and long-term effects,
threshold effects, and spatial spillover effects of AI development on GGP. The research
findings indicate that regional AI technological capacity is significantly and positively
associated with GGP. The short-term and long-term effect tests reveal a negative association
between AI development and GGP in the short term and a positive association in the long
term. In the short term, this association may be constrained by the “creative destruction”
effect, whereas in the long term, the positive association becomes stronger as regional
technological capacity increasingly supports the integration of AI-related technologies
into governance scenarios. There is a single-threshold effect between the institutional
environment and the intensity of AI funding. Beyond the threshold value, the positive
association between AI development and GGP becomes significantly stronger. Regional AI
technological capacity is positively associated not only with local GGP but also with GGP
in neighboring regions, potentially through technological spillovers and cross-regional
collaboration. This study provides empirical evidence and theoretical support for the
modernization of government governance empowered by AI.

Keywords: artificial intelligence development; government governance performance;
long-term and short-term effects; threshold effect; spatial spillover effect

1. Introduction
With the rapid advancement and expanding application of artificial intelligence (AI)

technology, AI has gradually expanded from commercial and social domains into core
areas of public governance, emerging as an important technological capability increasingly
associated with the transformation of government governance models and the modern-
ization of governance capacity [1,2]. Globally, AI has widely penetrated government
governance scenarios such as public security, healthcare, and environmental governance.
Some developed countries have achieved cross-departmental collaborative governance by
building unified smart government platforms [3]. Meanwhile, innovative practices, such as
optimizing public resource allocation through algorithmic decision-making and improving
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policy implementation efficiency via intelligent monitoring, have emerged internationally.
However, due to differences in institutional environments and technological foundations
across countries, application outcomes show significant variations [4]. Nevertheless, in
practice, AI applications in government scenarios are still characterized by “point-like
intelligence” and insufficient systematic empowerment. Their actual governance effective-
ness has not been fully realized, and the scope of action and implementation paths lack
systematic theoretical interpretation and empirical testing [5]. Therefore, clarifying the
mechanisms underlying the relationship between AI development and GGP, as well as
identifying its boundary conditions and spatial spillover effects, is of great theoretical and
practical significance for advancing intelligent governance and promoting improvements
in governance effectiveness.

The existing literature has presented extensive discussions on the impact of digital tech-
nology on public governance. One strand of research focuses on the overall construction of
“digital government” or “e-government,” arguing that through process reengineering, data
sharing, and platform integration, it has significantly improved administrative efficiency
and public service satisfaction [6]. Another strand focuses on applications of AI in specific
governance scenarios, confirming that its technological advantages in information process-
ing, pattern recognition, and prediction and early warning can be transformed into partial
governance outcomes [7]. In addition, a few scholars have begun to note that the realization
of technological effectiveness is not isolated but embedded in specific organizational and
institutional environments, regulated by factors such as infrastructure, institutional design,
personnel capabilities, and social acceptance [8]. In recent years, relevant research has
made new progress in terms of methods, application scenarios, and interdisciplinary inte-
gration. At the methodological level, some studies have employed mathematical models
and computational approaches to explore the capacity of artificial intelligence to support
decision-making in complex systems, providing a methodological foundation for under-
standing the computational advantages of AI in government governance [9]. At the level
of economic effects, the literature has examined the impact of AI technology on economic
structural transformation and the efficiency of public resource allocation, thereby offering
indirect theoretical support for the assessment of government governance performance
in this study from the perspective of economic development [10]. At the level of complex
systems and social governance, related studies have focused on the application boundaries
of AI in policy simulation and social governance, furnishing methodological references for
this paper’s understanding of the conditional dependence of AI’s governance effects [11].
The above literature enriches the theoretical basis for research on the relationship between
AI and governance performance from various angles. However, these studies mostly
concentrate on a single disciplinary perspective or specific technological application sce-
narios, and fail to incorporate the technological attributes of AI, governance conditions,
and performance outcomes into a unified empirical analytical framework—a gap that this
paper seeks to address.

Despite this, existing research still has the following limitations: Firstly, there is a lack
of systematic testing of AI’s governance effectiveness. Most studies either generalize AI
as part of digital technology for overall investigation or limit themselves to case analysis
of specific functions or scenarios. They fail to empirically test the net impact of AI as an
independent technological factor from the perspective of overall government performance
consisting of multiple dimensions such as economic development, social stability, public
services, and ecological protection [1]. Secondly, the understanding of the empowerment
mechanism is simplified. Existing studies mostly focus on the direct effects of technology
adoption or simply discuss one or two types of moderating factors, failing to systematically
reveal the complex paths and boundary conditions of AI’s empowerment of GGP. In partic-
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ular, key heterogeneous factors such as government attention to AI, regional digital finance
development level, and market potential, the threshold effects of institutional environment
and funding intensity, as well as differences in short-term and long-term effects of tech-
nology applications, have not been placed in the same framework for integrated testing
and comparison. Thirdly, the spatial relevance of governance performance is ignored. Gov-
ernment governance behaviors and performance have significant spatial interaction and
spillover characteristics. AI applications may affect neighboring regions through technolog-
ical spillover, institutional imitation, or cross-regional collaboration, but existing research
pays insufficient attention to this, making it difficult to fully assess its macro governance
impacts. Fourth, there is a lack of differentiated investigation of short-term and long-term
effects. Most existing studies focus on the static effects of technological empowerment,
failing to reveal the dynamic differences between the short-term “creative destruction”
effect caused by infrastructure investment, process adaptation, and technological risks in
the initial stage of AI application and the sustained empowerment effect released through
technological integration and institutional adaptation in the long run. This leads to an
incomplete evaluation of technological governance value.

To address the above research gaps, we take the impact of AI development on GGP in
China as a research case, examining the direct effects, short-term and long-term dynamic
evolution laws, threshold constraint conditions, and spatial spillover mechanisms of AI
development on GGP. This study aims to construct a multidimensional integrated analysis
framework to comprehensively reveal the internal logic of technological empowerment
in government governance. The Chinese government attaches great importance to the
application of AI in government governance. The Fourth Plenary Session of the 20th
Central Committee of the Communist Party of China further emphasized “adhering to the
direction of intelligence, greenification, and integration”. The potential of AI in improving
the scientificity of government decision-making, accuracy of services, real-time supervision,
and agile response has increasingly attracted attention. In terms of practical application,
China has formed large-scale intelligent governance practices in fields such as govern-
ment services, ecological environmental protection, and social governance. The national
integrated government service platform handles more than 10 million businesses per day
on average [6]. Environmental monitoring systems have realized real-time tracking and
early warning of key pollution sources with the help of AI image recognition and big data
analysis [12]. In grassroots governance, intelligent grid platforms have effectively improved
the efficiency of resolving conflicts and disputes and public security guarantee capabilities
through data integration and risk prediction. In addition, a large number of innovative
practices have emerged at the local government level, providing rich localized experience
for AI empowering government governance through in-depth integration of technology
and scenarios [2]. Therefore, studying the Chinese context can provide valuable empirical
insights for global intelligent governance practices. It can also offer useful references for
developing countries seeking to advance governance modernization through digital tech-
nologies and provide theoretical and empirical support for the broader application of AI in
the public sector.

The purpose of this study is to construct a comprehensive analysis framework of
“technological empowerment—multiple heterogeneity—threshold constraints—short-term
and long-term dynamics—spatial spillover” to systematically explore the impact of AI
development on GGP. This study mainly addresses the following questions: (1) Does
AI development have a significant direct impact on GGP? (2) How do heterogeneous
factors such as government attention to AI, regional digital finance development level, and
market potential moderate the relationship between AI development and GGP? (3) What
are the differences in the short-term and long-term effects of AI development on GGP?

https://doi.org/10.3390/mca31040167

https://doi.org/10.3390/mca31040167


Math. Comput. Appl. 2026, 31, 167 4 of 39

(4) Do institutional environment and AI funding intensity have threshold effects? (5) Does
AI development have a spatial spillover effect on GGP? What are the impact paths and
degrees on neighboring regions? To solve these problems, this study first uses panel data of
286 prefecture-level cities in China from 2009 to 2023 to empirically test the direct impact
of AI applications on GGP, and ensures the reliability of conclusions through endogeneity
treatment and various robustness tests. Furthermore, it focuses on analyzing heterogeneous
characteristics from two dimensions: “government attention” (government attention to AI)
and “economic support” (regional digital finance development level, market potential). At
the same time, it distinguishes short-term and long-term effects through the Panel Error
Correction Model (PECM) to clarify the dynamic evolution logic between the short-term
“creative destruction” and long-term sustained empowerment of AI in the initial stage
of application. On this basis, it examines the threshold constraint effects of institutional
environment and AI funding intensity, revealing the differentiated paths and conditions
of technological empowerment. Finally, the study uses the Spatial Durbin Model (SDM)
combined with geographic distance and economic distance weight matrices to further
investigate the spatial spillover effect of AI governance effectiveness and its specific impacts
on surrounding regions, providing more complete empirical evidence for a comprehensive
evaluation of AI’s governance value.

Compared with existing research, the possible marginal contributions of this study
are as follows: First, unlike much of the existing literature on the digital economy and
government performance, which tends to treat digital technologies as a generic form of ICT
investment or e-government infrastructure and focuses primarily on the presence or scale
of technology adoption, this study centers on artificial intelligence as a distinct cognitive
technology. The value of AI lies not simply in process automation, but in its capacity
to simulate, extend and augment human perception, learning and decision-making. By
focusing on AI patents as a specific technological indicator, this paper examines whether
regional AI technological capacity is associated with government governance performance
through the potential externalities generated by AI ecosystems.

Second, whereas most research on technological innovation and government perfor-
mance confines itself to estimating aggregate effects—whether technology inputs improve
efficiency or service delivery—this study moves beyond the question of “whether AI works”
to ask “under what conditions AI works”. Through threshold-effect analyses of institutional
environment and AI funding intensity, together with heterogeneity analysis of government
AI attention, this paper identifies the boundary conditions under which AI’s governance
effects are amplified. This condition-dependent analytical framework moves the literature
from blanket statements about AI’s usefulness to a more precise understanding of where,
when and through which channels AI matters for governance—offering policy guidance
that is considerably more targeted than what aggregate effect estimates alone can provide.

Third, while most existing studies implicitly assume that technology effects on gov-
ernance are static and locally contained, this paper extends both the temporal and spatial
scope of analysis. Using a panel error-correction model, it distinguishes between short-run
“creative destruction” effects and long-run sustained empowerment effects. In parallel,
a spatial Durbin model is employed to verify cross-regional spillovers of AI governance
effects. This spatiotemporal expansion moves the assessment of AI’s governance value be-
yond a single local-average effect towards a more comprehensive picture that encompasses
the trajectory of effects over time and their pattern of diffusion across space, thereby pro-
viding a richer evidence base for the design of regionally coordinated governance policies.

The remainder of this paper is organized as follows. Section 2 presents the theoretical
framework and research hypotheses. Section 3 describes the methods and data used in this
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study. Section 4 reports the empirical results and provides discussion. Section 5 concludes
with further discussion.

2. Theoretical Framework and Research Hypotheses
2.1. Theoretical Framework

Government governance performance (GGP) reflects the ability of governments to
provide public services, coordinate economic and social development, and respond ef-
fectively to complex governance challenges. Unlike firm performance, GGP emphasizes
public value creation and administrative effectiveness rather than market competitiveness.
In the context of digital transformation, emerging technologies may influence governance
outcomes not only through direct adoption by governments but also through the tech-
nological environment and innovation ecosystem in which governments operate. This
study develops a unified analytical framework integrating the resource-based view and
technology-empowerment theory to explain why regional AI technological capacity may
be associated with government governance performance and to provide a theoretical
foundation for deriving the research hypotheses.

The resource-based view holds that differences in organizational performance arise
from heterogeneity in the resources organizations possess. Strategic resources that are valu-
able, rare, difficult to imitate, and non-substitutable provide the foundation for sustained
performance advantages [13]. Extending this logic to the regional innovation ecosystem in
which public-sector organizations operate, the accumulation of AI patents can be regarded
as an important indicator of regional technological capability and knowledge resources
reflecting regional AI innovation capacity. Importantly, AI patents do not represent govern-
ment agencies’ actual adoption of AI technologies; rather, they capture the technological
foundation and knowledge resources available within a region. The governance rele-
vance of such technological capacity lies in the externalities generated by the regional AI
ecosystem. Specifically, a stronger AI ecosystem may facilitate government governance
by improving access to AI-related expertise, reducing information search and technol-
ogy matching costs, promoting knowledge exchange between technology providers and
public-sector organizations, and strengthening the local environment for digital transforma-
tion. Therefore, greater regional AI technological capacity may be associated with higher
levels of government governance performance through ecosystem-based technological
spillovers and complementary resource effects. However, such technological capacity
should be viewed as an enabling condition rather than a direct representation of govern-
ment AI adoption. Instead, regional AI technological capacity provides external conditions
that may facilitate government AI adoption and governance improvement. Whether and
how governments specifically deploy AI technologies requires government-level adoption
data, which is beyond the scope of this study. This perspective explains the sources of
regional differences in AI technological capacity and why these differences may persist;
however, it does not imply that technological capacity will automatically translate into
governance performance. The latter relationship requires further explanation through
technology-empowerment theory.

Technology-empowerment theory suggests that technological advancement can en-
hance organizational outcomes by transforming information-processing methods, im-
proving process efficiency, and strengthening the alignment between services and users’
needs [14]. Extending this logic to government governance, the accumulation of regional
AI technological capacity may be associated with governance performance through several
channels. First, a vibrant local AI ecosystem—including AI firms, research institutions,
and a skilled talent pool—reduces the information and procurement costs governments
incur when introducing AI-enabled administrative systems. Second, the availability of
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local technology suppliers enables governments to obtain more timely technical support
and customized services, thereby improving the alignment between AI systems and local
governance needs. Third, the spatial concentration of technological capacity generates
knowledge spillovers, allowing public-sector organizations to accumulate digital gover-
nance capabilities through continued interaction with local technology providers. Taken
together, these mechanisms suggest that regions with stronger AI technological innovation
capacity may exhibit statistically higher levels of government governance performance. It
is important to emphasize that this reasoning concerns the statistical association between
technological capacity and governance performance, rather than the causal effect of gov-
ernment AI deployment on governance performance. The two are conceptually distinct:
the former asks whether the externalities of the technological ecosystem benefit public
governance, whereas the latter must be examined using government-level procurement
and deployment data.

Research based on technology-empowerment theory further indicates that the or-
ganizational benefits of technology do not materialize immediately. Instead, they are
constrained by learning costs, institutional frictions, and resistance to process restructuring
during the initial stage of technological integration, resulting in a dynamic divergence
between short-term efficiency losses and long-term performance gains [15]. It may there-
fore be expected that the statistical association between AI technological capacity and
governance performance differs in direction between the short and long term. This ex-
pectation, however, remains a theoretical conjecture rather than an empirically verified
conclusion about the underlying mechanisms. The empirical objective of this study is to
determine whether such a dynamic pattern exists, rather than to rigorously identify the
specific mechanisms that produce it.

Moreover, the theory of complementary assets within the resource-based view holds
that the realization of resource value depends on the presence of supporting organizational
and institutional conditions [13]. This implies that the association between AI technological
capacity and governance performance may not be homogeneous across regions. The
quality of the institutional environment and the adequacy of financial investment may
constitute boundary conditions that constrain or amplify the strength of this association.
This inference motivates the threshold-effect analysis conducted in this study, which seeks
to examine whether critical levels of institutional quality and investment intensity exist.

Finally, because governance experience and technology can diffuse across space,
channels such as benchmarking and policy learning, factor mobility, and performance com-
petition may transmit one region’s technological capabilities to neighboring regions [14].
It can therefore be inferred that the statistical association between AI technological ca-
pacity and governance performance may extend beyond local boundaries and exhibit
spatial dependence.

In summary, this study develops its four research hypotheses through four logically
connected stages: the governance relevance of technological capacity, its dynamic evo-
lution, its boundary conditions, and its spatial diffusion. It should be noted that this
theoretical framework aims to explain the theoretical rationale underlying the association
between AI technological capacity and government governance performance, rather than
to equate regional technological capacity with direct government AI adoption. Accord-
ingly, the theoretical contribution of this study lies in clarifying how regional technological
capacity may create governance-relevant opportunities through innovation ecosystems
and in characterizing the associated patterns across different temporal, institutional, and
spatial contexts.
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2.2. Research Hypotheses
2.2.1. The Direct Effect of AI on Government Governance Performance

The improvement of government governance performance (GGP) has become in-
creasingly important as governments face growing complexity, uncertainty, and rising
expectations for efficient and responsive public services. Traditional governance models
that rely heavily on bureaucratic procedures and experience-based decision-making may
encounter limitations when addressing governance challenges characterized by massive in-
formation flows, rapid environmental changes, and diversified public demands [1,4]. In this
context, the availability of advanced technological capabilities and innovation resources
has become an important external condition for enhancing governments’ information-
processing capabilities, analytical capabilities, and service-delivery capacity. Regional AI
technological capacity, reflected by the accumulation of AI-related innovations such as AI
patents, represents the technological foundation, knowledge resources, and innovation
capabilities embedded within a regional ecosystem. Importantly, regional AI technological
capacity does not indicate that government agencies directly adopt or deploy AI tech-
nologies. Instead, it reflects the technological opportunities and complementary resources
available within a region, which may provide favorable conditions for governance inno-
vation. Therefore, the potential relationship between regional AI technological capacity
and GGP lies not in the direct ownership of AI technologies by governments, but in the
externalities generated by local AI ecosystems, including knowledge spillovers, technology
diffusion, specialized talent accumulation, and improved access to technological solutions.

The theoretical foundation of this relationship can be explained by the Resource-Based
View (RBV) [13] and Technology Empowerment Theory [15]. The Resource-Based View em-
phasizes that differences in organizational outcomes arise from heterogeneity in valuable
resources and capabilities. Strategic resources that are valuable, rare, difficult to imitate,
and non-substitutable contribute to organizational capability development [13]. Although
originally developed in the context of firms, this perspective also highlights the importance
of resource accumulation and capability development in public organizations. From this
perspective, regional AI technological capacity can be viewed as an external technologi-
cal capability and knowledge resource embedded within the local innovation ecosystem.
Rather than representing government-owned AI resources, regional AI capacity provides
technological opportunities and complementary resources that may support governance
improvement. Regions with stronger AI innovation ecosystems may offer governments eas-
ier access to AI-related expertise, reduce information search and technology-matching costs,
facilitate interactions between technology providers and public-sector organizations, and
create a more supportive innovation environment for digital governance transformation.

Technology Empowerment Theory further explains how technological opportunities
and innovation resources may contribute to improvements in organizational outcomes [15].
From this perspective, technological advancement does not automatically generate per-
formance improvements; rather, its value depends on whether organizations can ac-
cess, integrate, and utilize related knowledge and capabilities. In the context of govern-
ment governance, regional AI technological capacity may influence GGP through several
potential channels.

First, regional AI ecosystems may enhance governments’ access to advanced analytical
capabilities and knowledge resources, thereby facilitating more scientific and evidence-
based decision-making. Traditional public decision-making is often constrained by in-
formation asymmetry and bounded rationality. The diffusion of AI-related technologies,
expertise, and analytical methods within a region may improve governments’ ability to
process multi-source information, identify governance challenges, and develop more ac-
curate policy responses. This logic is consistent with the findings of Chen et al. (2025) [2],
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who demonstrate that digital technology contributes to improvements in government
decision-making quality.

Second, regional AI technological capacity may facilitate administrative process opti-
mization by providing governments with access to intelligent solutions and technical sup-
port. Government operations involve numerous standardized and repetitive procedures,
and AI-related technological resources may create opportunities for process innovation,
workflow optimization, and administrative coordination. Through knowledge exchange
and cooperation with local technology providers, governments may improve operational
efficiency, reduce administrative costs, and enhance cross-departmental coordination. This
mechanism is supported by the empirical research of Van Noordt and Misuraca (2022) [16]
on AI applications in the EU public sector, which highlights the potential of AI-related
technologies in improving public administration efficiency.

Third, regional AI ecosystems may contribute to more citizen-oriented public services
by facilitating the diffusion of intelligent service solutions and digital governance practices.
Through interactions among AI firms, research institutions, and public-sector organizations,
governments may obtain technological knowledge and innovative approaches that improve
service accessibility, responsiveness, and personalization. Such transformation may help
governments better match public services with citizens’ diverse needs and strengthen
public satisfaction and governance effectiveness, which is supported by the research of
Pazos-García et al. (2025) [3].

Taken together, regional AI technological capacity may be associated with higher levels
of GGP by creating technological opportunities, strengthening innovation ecosystems, and
facilitating knowledge diffusion across public and private sectors. These potential channels
reflect the externalities of regional AI development rather than the direct effects of gov-
ernment AI adoption. Whether and how governments specifically deploy AI technologies
requires government-level adoption and implementation data, which remains an important
direction for future research.

Based on this theoretical reasoning, the following hypothesis is proposed:

Hypothesis H1. Under the condition that other factors remain unchanged, regional AI technologi-
cal capacity is positively associated with government governance performance.

2.2.2. The Long-Term and Short-Term Effects of AI on Government Governance Performance

The association between regional AI technological capacity and government gover-
nance performance is unlikely to remain static or constant; rather, it may follow a dy-
namic trajectory characterized by short-term adjustment and long-term empowerment.
Theoretically, this pattern can be understood from the perspective of “upfront costs and
delayed benefits.”

In the short term, the development of regional AI technological capacity may not
immediately translate into improvements in government governance performance and
may even be associated with temporary adjustment costs. On the one hand, the formation
and diffusion of AI-related technological capabilities require substantial investments in
computing infrastructure, data standardization, technological exploration, and digital-
skill development. Such investment may temporarily crowd out resources for routine
governance, increasing administrative costs and creating frictions in process adaptation [17].
On the other hand, during the early stage of AI ecosystem development, limitations in
regional data infrastructure, inconsistent data standards, and insufficient mechanisms for
knowledge sharing may constrain the effective transformation of technological capacity
into governance outcomes. Organizational frictions between conventional bureaucratic
procedures and algorithm-driven decision-making may also reduce the responsiveness
of public services. Meanwhile, the risks of AI “hallucinations” and algorithmic bias may
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raise concerns about equity in public service delivery, further constraining governance
performance in the short term [18]. In addition, the gradual formation of regulatory
frameworks and governance norms related to AI technologies may delay the realization of
potential governance benefits.

In the long term, however, regional AI technological capacity may generate more
substantial governance benefits as innovation ecosystems mature, technological knowledge
diffuses, and complementary capabilities accumulate. First, the continuous accumulation
of AI-related knowledge and expertise may improve governments’ access to advanced
analytical capabilities, thereby supporting more accurate and forward-looking governance
decisions. Second, the diffusion of AI-related technologies and solutions within regional
innovation ecosystems may facilitate administrative process optimization and improve the
efficiency of public service delivery. Third, knowledge spillovers and cross-organizational
collaboration among AI firms, research institutions, and public-sector organizations may
promote the integration of digital capabilities into governance practices, helping reduce
information barriers and improve collaborative governance in areas such as environmental
protection and emergency management [19]. At the same time, with the gradual im-
provement of technological governance rules, supporting institutions, and operational
capabilities, the potential risks associated with AI development may be mitigated, allowing
regional technological capacity to generate more sustained governance improvements.
Based on the above analysis, the second research hypothesis of this paper is proposed.

Hypothesis H2. Under the condition that other factors remain unchanged, artificial intelligence
is negatively associated with government governance performance in the short term but positively
associated with it in the long term.

2.2.3. Analysis of the Threshold Effect of AI on Government Governance Performance

The association between regional AI technological capacity and government gover-
nance performance is unlikely to be linear, but may depend on specific institutional and
resource conditions. Although regional AI technological capacity provides technological
opportunities and innovation resources, the extent to which such capacity contributes to
governance improvement depends on whether complementary institutional and financial
conditions are sufficiently developed. As the foundation of governance activities, the
institutional environment influences data circulation efficiency, technological governance
norms, and cross-organizational collaboration capacity, thereby affecting the extent to which
AI-related technological resources can be transformed into governance value [15]. Similarly,
AI-related funding intensity determines the availability of supporting resources, including
infrastructure development, technological innovation, and talent cultivation, which affects
the depth and breadth of technological capability accumulation [17]. Together, these fac-
tors constitute important boundary conditions for the relationship between regional AI
technological capacity and government governance performance. When the quality of the
regional institutional environment or the intensity of AI-related funding remains below a
certain level, the contribution of AI technological capacity to governance performance may
be constrained by insufficient complementary resources, weak coordination mechanisms,
and institutional frictions. Once these conditions exceed a certain threshold, the support-
ing effects of institutional quality and financial resources may strengthen the association
between AI technological capacity and governance performance.

On the one hand, the institutional environment provides support for the transforma-
tion of regional AI technological capacity into governance-related benefits through three
core dimensions: standardizing governance processes, reducing transaction costs, and
ensuring data security. In regions with an imperfect institutional environment, unclear data
governance rules and insufficient mechanisms for cross-organizational data sharing may
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limit the effective utilization of AI-related knowledge and technologies. As a result, the
technological opportunities created by regional AI ecosystems may be difficult to transform
into systematic governance improvements. At the same time, the lack of compliance review
mechanisms for algorithmic decision-making and privacy protection systems is likely to
trigger disputes over the fairness of public services and data security risks, restricting
the depth and breadth of technology promotion and application [16]. In addition, rigid
administrative processes and hierarchical barriers will increase the adaptation cost between
AI and traditional governance models, reducing the efficiency of technology application.
When the institutional environment crosses the critical threshold, the advantages of trans-
parent rules and standardized processes brought by the improvement of the marketization
index will effectively break down “information silos,” promote the orderly circulation of
government data under the premise of safety and compliance, and provide data support
for the application of AI in complex scenarios such as predictive governance, cross-domain
collaborative supervision, and precise supply of public services. Improved algorithmic
supervision rules and privacy protection systems can reduce the risk costs of technology
application and enhance public acceptance of intelligent governance. At the same time, a
flexible administrative system and cross-departmental collaboration mechanism can reduce
institutional frictions in technology implementation, accelerate the deep integration of
AI and governance processes, and thereby amplify its promoting effect on government
governance performance [4].

On the other hand, the accumulation and diffusion of AI technological capacity require
sufficient financial support to maintain technological innovation, infrastructure develop-
ment, and capability formation. At the stage of low funding intensity, limited financial
resources may restrict investments in computing infrastructure, technological research, and
digital skill development, thereby weakening the transformation of AI-related technological
capacity into governance benefits [17]. Under such conditions, regional AI development
may remain concentrated in technological accumulation rather than producing extensive
governance-related outcomes. When funding intensity crosses the threshold value, suffi-
cient financial support can promote the development of innovation ecosystems, accelerate
technology diffusion, and strengthen collaboration among technology providers, research
institutions, and public organizations. These complementary conditions may enable re-
gional AI technological capacity to generate stronger governance-related effects in areas
such as environmental management, social governance, and public services [20].

Based on the above analysis, the third research hypothesis of this paper is proposed.

Hypothesis H3a. The institutional environment has a threshold effect on the relationship between
regional AI technological capacity and government governance performance. As the quality of
the regional institutional environment improves, the positive association between regional AI
technological capacity and government governance performance becomes stronger.

Hypothesis H3b. The intensity of AI funding input has a threshold effect on the relationship
between regional AI technological capacity and government governance performance. As the
intensity of regional AI-related funding increases, the positive association between regional AI
technological capacity and government governance performance becomes stronger.

2.2.4. Spatial Spillover Analysis of AI on Government Governance Performance

Local governments are not isolated entities, and their governance behaviors and per-
formance have extensive interactions and connections in space. New Economic Geography
and Spatial Econometrics point out that due to factor mobility, knowledge spillover, policy
imitation, and yardstick competition, economic activities or policy effects in one region will
have spillover impacts on neighboring regions [21]. Similarly, regional AI technological
capacity may not only influence local governance outcomes but may also generate spatial
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spillovers through the diffusion of technological knowledge, innovation resources, and
governance-related capabilities across regions. The spatial association between regional
AI technological capacity and neighboring regions’ governance performance may be un-
derstood from several possible perspectives. First, regional AI innovation ecosystems
may facilitate the diffusion of technological knowledge and governance-related experience
across geographical boundaries. When a region accumulates stronger AI technological
capacity and develops more mature digital innovation environments, its technological
knowledge, innovative practices, and governance-related exploration may become valuable
references for neighboring regions through official exchanges, inter-regional cooperation,
media communication, and academic interaction. Such knowledge diffusion can reduce
the uncertainty and exploration costs associated with technological development in neigh-
boring regions, thereby improving their ability to access and utilize external technological
opportunities. Second, the development of regional AI ecosystems may promote the spatial
mobility and redistribution of complementary resources, including technical talent, data
resources, research investment, and innovative enterprises. These highly mobile factors
may be reconfigured within a certain geographical scope, forming regional talent pools,
data networks, and innovation linkages, thereby improving the technological foundation
and innovation environment of surrounding regions. Through these ecosystem-based
spillovers, neighboring regions may obtain additional opportunities to accumulate AI-
related capabilities and enhance governance-related innovation capacity. This is consistent
with the view proposed by Kamolov and Teteryatnikov (2021) [22] that AI promotes re-
source integration and collaborative development at the regional level. Finally, regional
differences in AI technological capacity may generate competitive pressures and policy-
learning effects among local governments. Under the context of regional development
competition and governance performance evaluation, improvements in technological ca-
pacity and governance-related outcomes in one region may create benchmarking effects
for neighboring regions. To avoid falling behind in regional development competition,
neighboring governments may strengthen their attention to AI development, improve tech-
nological infrastructure, and enhance innovation-supporting policies. Such responses may
further promote the diffusion of AI-related capabilities and contribute to improvements
in governance performance across regions [17]. Based on the above analysis, the fourth
research hypothesis of this paper is proposed.

Hypothesis H4. The positive association between regional AI technological capacity and govern-
ment governance performance exhibits spatial spillover effects, such that AI technological capacity
in one region is associated with governance performance in neighboring regions.

3. Methods and Data
3.1. Models
3.1.1. Fixed Effects Model

To verify the impact of AI development on GGP, we construct a two-way fixed effects
model as follows:

GGPit = β0 + β1 AIit + β2Toit + β3Urbanit + β4Slgeit + β5Pciit
+β6Dpit + cityi + yeart + εit

(1)

where the subscript i denotes the province and the subscript t denotes the year. GGPit

represents the government governance performance of region in period, AIit denotes the
artificial intelligence development level of region i in period t. The control variables
mainly include trade openness (Toit), urbanization rate (Urbanit), local government fiscal
expenditure structure (Slgeit), per capita fixed asset investment level (Pciit), and population

https://doi.org/10.3390/mca31040167

https://doi.org/10.3390/mca31040167


Math. Comput. Appl. 2026, 31, 167 12 of 39

density (Dpit). cityi represents the individual fixed effect, yeart denotes the time fixed effect,
and εit~N(0,δ2) is the random error term of the model.

3.1.2. Panel Error Correction Model

To examine whether there are differences in the short-term and long-term impacts of
AI development on GGP, the model is set as follows:

GGPit = λ0 + λ1i AIit + λ2iToit + λ3iUrbanit + λ4iSlgeit + λ5iPciit
+λ6iDpit + µi + εit

(2)

where GGPit represents government governance performance. AIit denotes artificial in-
telligence. The control variables are consistent with those in the benchmark regression
analysis, µi represents the fixed effect, and εi,t is the random disturbance term. To capture
the short-term and long-term effects of various driving factors, Equation (2) is transformed
into an Autoregressive Distributed Lag (ARDL) model. Research by Blackburne III and
Frank (2007) [19] suggests that if all variables are integrated of order one (I(1)), the ARDL
model can be set in the form of ARDL (1, . . ., 1). This paper employs the Akaike Information
Criterion (AIC) and the Bayesian Information Criterion (BIC) as the basis for selecting the
lag order. Specifically, within the ARDL(p, q) framework, this paper conducts a grid search
over lag orders pp (the lag order of the dependent variable) and qq (the lag order of the
core explanatory variable), and calculates the AIC and BIC values for each combination of
lag orders. The results show that the optimal lag order determined by both the AIC and
BIC values is 1. Therefore, the ARDL(1, . . ., 1) model in this paper is specified as follows:

GGPit = µi + δ0iGGPi,t−1 + δ1i AIi,t + θ1i AIi,t−1 + δ2iToit + θ2iToi,t−1

+δ3iUrbanit + θ3iUrbani,t−1 + δ4iSlgeit + θ4iSlgei,t−1 + δ5iPciit
+θ5iPcii,t−1 + δ6iDpit + θ6iDpi,t−1 + εit

(3)

All variables in the above model meet the cointegration requirements. Further,
Equation (4) is transformed into the following Panel Error Correction Model (PECM):

∆GGPit = ξi(GGPi,t−1 − π1i AIi,t − π2iToit − π3iUrbanit − π4iSlgeit − π5iPciit
−π6iDpit) + ω1i∆AIi,t − ω2i∆Toit − ω3i∆Urbanit − ω4i∆Slgeit
−ω5i∆Pciit − ω6i∆Dpit + α0 + εit

(4)

where ξ and ψ are error adjustment coefficients reflecting the speed of error correction.
If is negative, it indicates that the deviation from equilibrium is corrected; otherwise, it
means there is no long-term dynamic adjustment relationship between variables. π is the
long-term coefficient, representing the impact of AI development on the current GGP, and
ω is the short-term coefficient, denoting the impact of AI development on the future GGP.

3.1.3. Threshold Model

Currently, China is further advancing the “AI+” action. As the core guarantee for
technology implementation, the institutional environment has gradually formed a gov-
ernance ecosystem of “central policy guidance + local scenario innovation + enterprise
technology implementation,” while the intensity of AI funding input directly determines
the progress of technological R&D, infrastructure construction, and scenario adaptation.
The improvement of the institutional environment affects the efficiency of data factor cir-
culation, algorithm compliance supervision, and cross-departmental collaboration, and
the intensity of funding input is related to the layout of computing infrastructure, per-
sonnel skill training, and technological iteration speed. Together, they constitute the key
boundary conditions for AI development to empower government governance. Against
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this important background, we further analyze the threshold effects of the institutional
environment and the intensity of AI funding input in the process of AI affecting GGP,
revealing the heterogeneous characteristics of technological empowerment effects under
different boundary conditions. To verify whether the impact of AI development on GGP is
related to the regional institutional environment, the panel threshold model of this paper is
constructed as follows:

GPit = β0 + β1 AIit × I(Rieit ≤ q) + β2 AIit × I(Rieit > q) + β3Toit + β4Urbanit

+β5Slgeit + β6Pciit + β7Dpit + cityi + yeart + εit
(5)

where Rieit represents the threshold variable, which is the regional institutional environment
measured by the marketization index in this paper; q denotes the threshold value to be
estimated; I(•) is the indicator function; and the meanings of other variables are consistent
with those in the benchmark regression model.

To examine whether the impact of AI development on GGP is related to the intensity of
regional AI funding input, the panel threshold model of this paper is constructed as follows:

GPit = β0 + β1 AIit × I(Iaiit ≤ q) + β2 AIit × I(Iaiit > q) + β3Toit + β4Urbanit

+β5Slgeit + β6Pciit + β7Dpit + cityi + yeart + εit
(6)

where Iaiit represents the threshold variable, which is the intensity of regional AI funding
input. In this study, it is measured by the ratio of the sum of investment in information
transmission, computer services and software industry, and investment in scientific research
and technology services (manually collected from the statistical yearbooks of prefecture-
level cities) to the local general public budget expenditure; q denotes the threshold value
to be estimated; I(•) is the indicator function; and the meanings of other variables are
consistent with those in the benchmark regression model.

3.1.4. Spatial Econometric Model

There is a strong correlation between governance practices and technological diffusion
among various regions in China, and government governance performance is likely to
have spatial correlation characteristics. Does the improvement of the local AI development
level affect the GGP of surrounding regions through paths such as technological spillover,
institutional imitation, and cross-regional collaboration? In view of this, combined with the
theoretical analysis part, we incorporate spatial factors into the framework of the impact
of AI development on GGP to verify the spatial spillover effect of AI development on the
GGP of surrounding cities. Referring to the research method of Jia et al. (2021) [20], we
verify the rationality of the Spatial Durbin Model (SDM) based on the Wald test in the
empirical analysis part. Therefore, we construct a Spatial Durbin Model to examine the
spatial spillover effect of AI development on GGP, which is as follows:

GGPit = θWijGGPjt + βAIit + σWij AIij + ∑
k

γkcontrolit + ∑
k

νkWijcontrolij

+δt + γi + εit

(7)

where GPit is the explained variable, representing the government governance performance
of city i in year t; AIit is the core explanatory variable, denoting the AI development level
of city i in year t; controlit is the group of control variables; W represents the weight matrix;
W × AI is the spatial lag term of the core explanatory variable (AI development); and
W × GGP is the spatial lag term of the explained variable (GGP). For the setting of spatial
weights, referring to the research of Xie et al. (2019) [23], we select the geographic distance
matrix and economic geographic distance matrix as the weight matrices of the spatial
econometric model.
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The geographic distance spatial weight matrix is constructed as follows. Based on
Tobler’s First Law of Geography, which states that “spatial correlation between units
gradually diminishes with increasing distance,” this paper constructs an inverse-distance
spatial weight matrix:

Wd
ij =

{
1/dij, i ̸= j

0, i = j
(8)

where dij denotes the geographic distance between city i and city j. Regarding the construc-
tion of the economic-geographic distance matrix, this paper incorporates economic factors
into the geographic distance spatial weight matrix and constructs an economic distance
spatial weight matrix as follows:

We
ij =

{
Wd

ij ∗ diag(Y1/Y, Y2/Y, · · ·Yn/Y), i ̸= j
0, i = j

(9)

Yi = 1/(t1 − t0 + 1)
t1

∑
t0

Yit Y = 1/n(t1 − t0 + 1)
n

∑
i=1

t1

∑
t0

Yit (10)

The spatial weight matrix is constructed using the inverse of straight-line Euclidean
distance between cities, denoted Wd

ij . Let Yit be the GDP of city ii in year t, and let Yi and Y
represent the average annual GDP of city ii and the overall average across all cities over the
sample period, respectively:

The raw geographic data are sourced from the National Geographic Information
Center of China.

3.2. Variable Definition and Data
3.2.1. Explained Variable: Government Governance Performance (GP)

Regarding the dimensional delineation and indicator selection of government gover-
nance performance, the theoretical underpinnings and logical basis require further elabora-
tion. In this paper, the conceptualization of government governance performance follows
the broad understanding of “governance outcomes” in contemporary public manage-
ment research, which posits that government performance evaluation has transcended
the traditional dimensions of administrative processes and internal efficiency, extending
to tangible governance effectiveness in terms of economic development, social stability
maintenance, public service provision, and ecological environmental protection [13]. On
this basis, this paper constructs a comprehensive evaluation system encompassing four
dimensions—economic development, social stability, public services, and ecological pro-
tection. The direct correspondence between each dimension and its specific indicators with
government governance functions is specified as follows:

In the economic development dimension, the growth rate of GDP per capita and the
growth rate of gross regional product reflect the governance effectiveness of government
macroeconomic regulation, industrial policy guidance, and business environment opti-
mization; the actual scale of utilized foreign capital and the ratio of goods exports to GDP
reflect the implementation efficiency of government opening-up policies and the capacity
for regional competitiveness cultivation; industrial structure indicators reflect the imple-
mentation effects of local government industrial restructuring policies; and the growth rate
of fixed asset investment reflects government infrastructure investment decisions and the
efficiency of public capital allocation.

In the social stability dimension, the per capita welfare level directly reflects the
intensity of government performance in social security functions; the urban–rural income
gap reflects the specific effectiveness of government efforts in coordinating urban–rural
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development and promoting common prosperity; and the employment rate indicator
reflects the implementation effectiveness of government employment promotion policies
and labor market regulation.

In the public services dimension, the scale of science and education expenditure reflects
the intensity of government public resource allocation toward human capital investment
and innovation-driven development; the student–teacher ratio indicator reflects the quality
level of government public education service provision; public health investment and
per capita health resource indicators reflect the development level of government public
health service systems and healthcare security capacity; and the number of internet and
mobile telephone subscribers reflects the intensity of government efforts in advancing
digital infrastructure construction.

In the ecological protection dimension, the sewage treatment rate and the harmless
treatment rate of garbage reflect the effectiveness of government environmental infrastruc-
ture construction; energy consumption per unit of GDP reflects the governance efficiency
of government efforts in promoting green transformation and implementing energy conser-
vation and emission reduction policies; and the proportion of environmental protection
personnel and the share of energy conservation and environmental protection expenditure
in fiscal expenditure reflect the intensity of government human and financial resource
allocation toward environmental protection, serving as important representations of the
willingness and capacity for environmental governance.

In summary, each indicator establishes a direct correspondence with specific govern-
ment governance actions or functions, and can thus effectively reflect the comprehensive
performance level of government governance.

Regarding the calculation of the indicator system, existing studies mostly choose
principal component analysis and entropy weight method. However, principal component
analysis mainly reduces the dimensionality of the indicator system and cannot fully cal-
culate based on the original indicators. Therefore, we use the entropy weight method to
assign weights to each basic indicator, and then calculates the comprehensive evaluation
index of GGP. Table 1 reports the calculation methods and weights of each basic indicator
of GGP.

Table 1. Construction of the GGP Indicator System.

First-Level Indicator Basic Indicator Measurement Method of Basic Indicator Attribute Weight

Economic
Development

Per capita GDP growth rate (Current per capita GDP—Previous per
capita GDP)/Previous per capita GDP Positive 0.0077

Gross regional product
growth rate

(Current gross regional
product—Previous gross regional

product)/Previous gross regional product
Positive 0.0056

Actual utilized foreign
investment scale

Annual actual utilized foreign investment
amount/Gross regional product Positive 0.0580

Proportion of the secondary
industry in GDP

Added value of the secondary
industry/Gross regional product Positive 0.0102

Proportion of the tertiary
industry in GDP

Added value of the tertiary
industry/Gross regional product Positive 0.0140

Fixed asset investment
growth rate

(Current fixed asset investment—Previous
fixed asset investment)/Previous fixed

asset investment
Positive 0.0056

General public budget
revenue in GDP

General public budget revenue/Gross
regional product Positive 0.0213
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Table 1. Cont.

First-Level Indicator Basic Indicator Measurement Method of Basic Indicator Attribute Weight

Social Stability

Per capita welfare level
Social security and employment

expenditure in general public budget
expenditure/Total population

Positive 0.0624

Urban-rural income gap
Per capita disposable income of urban

residents/Per capita disposable income of
rural residents

Negative 0.0074

Non-agricultural
employment rate

Number of agricultural
employees/Non-agricultural population Positive 0.0069

Agricultural employment
rate

Number of agricultural
employees/Agricultural population Positive 0.1157

Public Services

Scale of science and
education expenditure

(Education expenditure + Science
expenditure)/Gross regional product Positive 0.0294

Student-teacher ratio in
primary schools

Number of students enrolled in primary
schools/Number of full-time primary

school teachers
Negative 0.0104

Student-teacher ratio in
secondary schools

Number of students enrolled in general
secondary schools/Number of full-time

general secondary school teachers
Negative 0.0082

Student-teacher ratio in
universities

Number of students enrolled in general
higher education institutions/Number of

full-time university teachers
Negative 0.0033

Scale of public health
investment

Health expenditure in general public
budget expenditure/Registered total

population
Positive 0.0149

Number of health
institutions per capita

Number of health institutions/Total
population Positive 0.0406

Number of hospital beds per
capita

Number of beds in hospitals and health
centers/Total population Positive 0.0344

Number of physicians per
capita

Number of licensed assistant
physicians/Total population Positive 0.0411

Per capita general public
budget expenditure

Local general public budget
expenditure/Total population Positive 0.0595

Number of internet
households

Number of international internet
users/Total number of households at the

end of the year
Positive 0.0394

Number of mobile phone
households

Number of mobile phone users at the end
of the year/Total number of households at

the end of the year
Positive 0.0310

Green Development

Domestic sewage treatment
rate

Volume of domestic sewage treated/Total
volume of domestic sewage discharged ×

100%
Positive 0.2231

Harmless treatment rate of
domestic waste

Harmless treatment rate of domestic
waste Positive 0.0047

Wastewater discharge per
unit of GDP

Volume of harmlessly treated domestic
waste/Total volume of domestic waste

generated × 100%
Positive 0.0044

Green coverage rate in
built-up areas

Green coverage area in built-up
areas/Area of built-up areas × 100% Positive 0.0073

Energy consumption per unit
of GDP

Total energy consumption/Gross regional
product Negative 0.1082
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Table 1. Cont.

First-Level Indicator Basic Indicator Measurement Method of Basic Indicator Attribute Weight

Green Development

Proportion of environmental
protection personnel

Number of employees in water
conservancy, environment and public
facilities management industry/Total

number of employees

Positive 0.0252

Proportion of energy
conservation and

environmental protection in
fiscal expenditure

Expenditure on energy conservation and
environmental protection/General public

budget expenditure
Positive 0.0077

3.2.2. Core Explanatory Variable: Artificial Intelligence Development Level (AIit)

Before presenting the specific measurement methods, it is necessary to clarify an
important conceptual distinction. Artificial intelligence patents measure a region’s “AI tech-
nological innovation capacity” and “accumulated stock of inventive knowledge,” rather
than government agencies’ actual procurement or deployment of AI technologies. From
this perspective, AI patents represent the supply-side foundation of AI development, while
government AI procurement and deployment represent demand-side adoption. Although
these two dimensions are conceptually distinct, regional technological capacity may create
favorable conditions for government AI adoption through supplier availability, technologi-
cal learning, talent accumulation, and ecosystem interaction. Therefore, the explanatory
variable used in this study should be interpreted as regional AI technological capacity
rather than government AI utilization intensity. Patenting and deployment are theoretically
distinct but causally related concepts. Patents represent the “potential foundation” on the
technology supply side—that is, how much AI technology is available for use—whereas
government procurement or deployment represents actual adoption on the public-sector
demand side—that is, how much AI technology governments actually use.

By employing patents as the core explanatory variable, this study seeks to examine
the statistical association between regional AI technological capacity and government
governance performance. It thus addresses the more fundamental question of whether the
externalities generated by the regional AI technology ecosystem benefit public governance,
rather than the question of the return on government investment in AI. If no statistical asso-
ciation exists between AI patents and governance performance, however, any subsequent
discussion of the governance benefits generated by government AI deployment would lack
a logical starting point.

Although patent-based measures are imperfect, they constitute the best available proxy
for capturing regional differences in AI endowments, given the absence of comparable
and systematically compiled data on government AI procurement at the prefecture-level
city level in China. To mitigate this limitation, the robustness analysis further incorporates
government AI procurement data as a complementary measure to assess whether the
technological potential captured by AI patents is indeed translated into actual adoption by
the public sector.

Technological innovation is the core driving force for AI development. As a legal
carrier of innovative achievements, patents have become a benchmark proxy indicator
for measuring the development level and innovation capacity of specific technological
fields due to their quantifiability, high authority, and unified standards [17]. As a typical
interdisciplinary and technology-intensive field, the patent application and authorization
activities of AI directly reflect the intensity of R&D resource investment, the thickness of
innovative achievement accumulation, and the potential for technological commercializa-
tion transformation in the region. It can effectively balance the dual dimensions of “stock
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accumulation” and “incremental breakthrough,” which is consistent with the measurement
needs of AI development level in this study. Therefore, this paper draws on the core
framework of the World Intellectual Property Organization (WIPO)’s “Classification of AI
Technology Patents,” combined with the patent classification system of the State Intellectual
Property Office (SIPO) of China and the identification standards of domestic cutting-edge
research [24], and then uses the patent classification number identification method to define
AI patents from the collected digital technology-related patent data. Meanwhile, to alleviate
the problem of data heteroscedasticity and improve the robustness of regression results, we
perform logarithmic processing on the number of patent applications, which is ultimately
used as the core measurement indicator of AI development level.

Regarding the identification of patents, the following three-step identification proce-
dure is adopted:

Step 1: Patent classification code screening. First, the Cooperative Patent Classifi-
cation (CPC) subclasses directly related to artificial intelligence technologies are identi-
fied, including core AI classifications (G06N3 computational models, G06N5 knowledge
models, G06N7 mathematical models, G06N20 machine learning, and G06F18 pattern
recognition) as well as AI-related classifications (covering computer vision G06V, natural
language processing G06F40, control methods G05B13, among a total of approximately
95 AI-related CPC groups). Among these, the first five categories are defined as “core
AI” classifications—patents falling under any of these five categories are automatically
classified as AI patents without requiring additional keyword verification.

Step 2: Precise keyword matching. For patents belonging to “AI-related” CPCs (e.g.,
G06V computer vision, G06F40 language processing, etc.), it is further required that their
titles or abstracts contain at least one AI-specific keyword validated by experts. The
keyword lexicon encompasses four major technical directions: machine learning (e.g., “neu-
ral network,” “deep learning,” “support vector machine”), natural language processing
(e.g., “language model,” “transformer,” “BERT”), computer vision (e.g., “object detection,”
“image segmentation,” “scene understanding”), and generative AI (e.g., “generative adver-
sarial network,” “diffusion model,” “large language model,” “autoencoder”), comprising a
total of 274 keywords.

Step 3: Exclusion of non-AI digital technologies. To effectively distinguish AI patents
from general digital technologies (such as conventional database management, routine
software engineering, and basic communication protocols), the aforementioned keyword
lexicon was constructed to exclude generic terms pertaining to general digital infrastructure
or information technology, including “digital,” “internet,” “cloud,” “database,” “server,”
and “network protocol.” Furthermore, patents that merely involve information presentation,
data storage formats, or routine business process automation—even if they contain generic
digital expressions such as “computer-implemented” or “digital processing”—are not
included in the AI patent statistics if they fail to match the above AI-specific keywords or
relevant CPCs.

3.2.3. Control Variables

The impact of AI development on GGP is not isolated and may be interfered by
other factors. Referring to the research of Wu et al. (2023) [25], we select trade openness
(To), urbanization rate (Urban), local government fiscal expenditure structure (Slge), per
capita fixed asset investment level (Pci), and population density (Dp) as control variables to
eliminate the interference of irrelevant variables and ensure the accuracy and reliability of
regression results. Among them:

Trade openness (To) is measured by the ratio of goods import volume to gross regional
product, which directly reflects the depth of regional participation in international trade.
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The technological spillover and governance experience learning brought by trade openness
will affect GGP.

Urbanization rate (Urban) is represented by the urbanization level. During the urban-
ization process, the expansion of public service demand and the complexity of governance
scenarios not only provide scenario support for the application of AI but also affect the
evaluation dimensions of governance performance.

Local government fiscal expenditure structure (Slge) is characterized by the ratio of
local general public budget expenditure to local general public budget revenue, reflecting
the government’s fiscal regulation capacity and capital allocation efficiency. Sufficient and
reasonable fiscal investment is an important guarantee for the application of AI technology
in government scenarios and the improvement of governance performance.

Per capita fixed asset investment level (Pci) is measured by the ratio of the total fixed
assets of industrial enterprises above designated size to the resident population, which
reflects the per capita allocation level of regional industrial investment. Improved fixed
asset supporting facilities can provide hardware support for the integration of AI and
government governance.

Population density (Dp) is depicted by the logarithmic form (ln) of the regional resi-
dent population divided by the regional land area. The degree of population agglomeration
determines the demand and coverage of government services, thereby affecting the effec-
tiveness of AI technology in governance scenarios.

3.3. Data

The empirical analysis of this study uses panel data of 286 prefecture-level cities in
China from 2009 to 2023. Among them, the data related to the explained variable (GGP) and
control variables (trade openness, urbanization rate, local government fiscal expenditure
structure, per capita fixed asset investment level, and population density) are mainly
derived from the China City Statistical Yearbook (Data source: https://data.cnki.net/). The
data on the core explanatory variable (AI development) is mainly collected from the China
Patent Database using Python web crawler technology (Data source: http://epub.cnipa.
gov.cn/Index accessed on 18 August 2026). The data on AI enterprises is obtained from
the Tianyancha Enterprise Database (Data source: https://www.tianyancha.com/). For
missing data in individual cities and years, the interpolation method is used to supplement.
Finally, a total of 4290 samples from 286 prefecture-level cities are obtained. The descriptive
statistical results of each variable are shown in Table 2. It can be seen from Table 2 that
the mean value of GGP is 0.1530, the minimum value is 0.0402, and the maximum value
is 0.4680, indicating that there are gaps in the government governance levels of various
cities in China. The mean value of AI development (AI) is 4.5770, the minimum value is
0.0000, and the maximum value is 11.6800, indicating that there are obvious gaps in the
level of AI patents among Chinese cities. The possible reason is that the development of AI
requires strong economic support, and the regional distribution characteristics of China’s
economic development are particularly obvious, leading to significant differences in the
level of urban AI development. The descriptive statistical results of other control variables
are basically consistent with existing literature, as shown in Table 2.

Table 2. Descriptive Statistical Results.

Variable Sample Size Mean Standard Deviation Minimum p50 Maximum

GGP 4290 0.1604 0.0540 0.0514 0.1501 0.4964

AI 4290 4.5770 2.0550 0.0000 4.4540 11.6800

To 4290 0.0863 0.1580 0.0000 0.0237 0.9450
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Table 2. Cont.

Variable Sample Size Mean Standard Deviation Minimum p50 Maximum

Urban 4290 0.3950 0.2100 0.1070 0.3390 0.9960

Slge 4290 0.1990 0.0985 0.0743 0.1720 0.6060

Pci 4290 0.2640 0.2560 0.0294 0.1950 1.7590

Dp 4290 5.7320 0.9340 1.6090 5.8780 8.0080

4. Results and Discussion
4.1. The Overall Impact of AI Development on GP

AI development (AI) is significantly positively associated with GGP, suggesting that
regions with higher AI technological capacity tend to exhibit better government governance
performance. This association may be attributed to the externalities generated by regional
AI ecosystems (Figure 1). Specifically, regional AI development can facilitate knowledge
spillovers, improve access to AI-related expertise, and provide technological foundations
that support government digital transformation and improvements in public service de-
livery [17]. Meanwhile, its empowered real-time monitoring and cross-departmental
intelligent interaction further strengthen governance transparency and collaborative ef-
ficiency, providing key technical support for the improvement of GGP [3]. The above
conclusions verify that AI development has a significantly positive impact on GGP. Com-
pared with existing studies, this result is directionally consistent with the conclusion of
Zhai et al. (2021) [6] regarding the improvement of government governance levels through
e-government construction. However, this paper further narrows the research object from
general information technology to the specific technological form of artificial intelligence,
revealing that even after isolating the net effect of traditional ICT inputs, the unique cogni-
tive enhancement and decision-support capabilities of AI still exhibit a significant positive
association with governance performance. Moreover, this paper finds that the facilitat-
ing effect of AI on governance performance exhibits pronounced regional differentiation,
which echoes the findings of Chen et al. (2025) [2] on the regional heterogeneity of digital
government construction effects, suggesting that the unevenness of technological empow-
erment may be a pervasive feature of the digital governance era. The above conclusions
validate the research hypothesis H1 of this paper, namely that artificial intelligence exerts a
significant positive impact on government governance performance.

4.1.1. Endogeneity Treatment

The preceding regression results indicate that artificial intelligence has a positive effect
on government governance performance. Although this study incorporates a series of
control variables and fixed effects, the estimated effect of AI on governance performance
may still be subject to endogeneity. First, the baseline regressions control for trade openness,
the urbanization rate, the structure of fiscal expenditure, per capita fixed-asset investment,
population density, and other relevant factors. They also employ two-way fixed effects to
account for time-invariant city characteristics, such as geographical location and historical
and cultural conditions, as well as common nationwide time trends. Nevertheless, time-
varying omitted variables that simultaneously affect AI development and government
governance performance may remain.

Second, as discussed in the baseline regression analysis, AI development may im-
prove government governance performance by enhancing decision quality, streamlining
administrative processes, and increasing the precision of public service delivery. However,
regions that already exhibit higher levels of governance performance generally possess
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more advanced digital infrastructure, greater fiscal resources, and stronger innovation
ecosystems. These conditions may, in turn, attract AI-related industries and stimulate
local AI research and development, thereby promoting AI development. In other words,
a bidirectional causal relationship may exist between AI development and government
governance performance. Existing studies commonly address endogeneity by selecting
appropriate instrumental variables and employing alternative estimation models [24]. Ac-
cordingly, drawing on the relevant literature, this study employs an instrumental-variable
approach and a double machine learning model to mitigate potential endogeneity concerns.

Figure 1. *** indicate significance at the 1% levels. The overall impact of AI Development on
GGP. Notes: Model (1) presents the estimated coefficient of AI development on GGP without
controlling for either time-fixed effects or city-fixed effects. Model (2) presents the estimated coefficient
when controlling for time-fixed effects but not city-fixed effects. Model (3) presents the estimated
coefficient when both city-fixed effects and time-fixed effects are controlled. Error bars represent
95% confidence intervals.

The selection of an external instrumental variable must satisfy both the relevance and
exogeneity conditions [19]. In empirical research, however, identifying an instrument that
is sufficiently correlated with the endogenous explanatory variable while also satisfying the
exogeneity requirement remains a persistent challenge. Some studies suggest that, in panel-
data settings, observations of the explanatory variable from different periods—including
lagged, previous-period, and contemporaneous values—may serve as instruments for its
current value [26]. AI technological development exhibits significant path dependence and
cumulative characteristics, such that the current stock of AI patents largely depends on
prior R&D investment and knowledge accumulation. Consequently, the lagged variable is
strongly correlated with the current core explanatory variable. Meanwhile, the one-period
lagged level of AI development precedes current government governance performance
in temporal order, meaning that current governance actions cannot retrospectively influ-
ence past technological outputs. This theoretically satisfies the exogeneity condition and
effectively mitigates the endogeneity bias arising from reverse causality.

In addition, this study employs double machine learning (DML) estimation to flexibly
control for high-dimensional confounders while estimating the effect of artificial intelli-
gence on governance performance, following the framework proposed by Chernozhukov
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et al. (2018) [27]. DML offers three principal advantages: (1) it does not rely on external
instrumental variables and can use machine-learning algorithms to flexibly estimate non-
linear functions of confounding variables; (2) it employs Neyman orthogonalization to
eliminate first-order bias; and (3) it uses cross-fitting to mitigate regularization bias arising
from overfitting, thereby enabling robust causal-effect estimation in high-dimensional
settings. Specifically, we adopt a random forest algorithm with 500 trees, where the number
of features randomly selected at each split is set to one-third of the total features, the
minimum leaf size is 5, and the maximum depth is left unrestricted. Hyperparameters
are chosen via five-fold cross-validation with mean squared error (MSE) minimization
as the tuning criterion. The set of high-dimensional confounders includes: the five core
control variables (trade openness, urbanization rate, fiscal expenditure structure, per capita
fixed-asset investment, and population density), their quadratic and cubic polynomial
terms, and all pairwise interaction terms (totaling 10 groups), as well as interaction terms
between year dummies and each control variable to capture time-varying confounding
effects, resulting in a total of 87 high-dimensional features. Government governance perfor-
mance is specified as the outcome variable, AI development as the treatment variable, and
the above confounder set is used for flexible nonlinear adjustment. Five-fold cross-fitting is
implemented to reduce overfitting bias and ensure the robustness of the estimates.

Table 3 reports the results obtained using the instrumental-variable approach and
double machine learning (DML) estimation. Column (1) presents the 2SLS estimates using
the lagged level of AI development as the instrumental variable, while Column (2) reports
the DML estimates. The Kleibergen–Paap rk LM statistic and the Cragg–Donald Wald F
statistic indicate that the regression model suffers from neither underidentification nor
weak-instrument problems, suggesting that the selected instrumental variable is appro-
priate. After the one-period lag of the AI is employed as the instrument, the estimated
effect of AI development on government governance performance remains consistent with
the baseline regression results. This finding indicates that the main results remain robust
after accounting for potential endogeneity. Moreover, the results reported in Column (2)
show that the estimates obtained using double machine learning remain consistent with
the baseline findings.

Table 3. Endogeneity Treatment: Instrumental Variable Method.

Explained Variable: Government Governance
Performance (GGP)

IV DML

(1) (2)

AI 0.01501 ***
(6.760)

0.0071 ***
(17.130)

Constant 0.6642
(1.01)

−0.0001
(−0.380)

Kleibergen-Paap rk LM statistic 442.302 ***
[0.000] ——

Kleibergen-Paap rk Wald F statistic 1151.242
{16.38} ——

Control Variables YES YES

Time-fixed Effects YES YES

Regional-fixed Effects YES YES
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Table 3. Cont.

Explained Variable: Government Governance
Performance (GGP)

IV DML

(1) (2)

Sample Size 4004 4290

F statistic 156.88
[0.000] ——

R2 0.8465 ——
Notes: (1) *** indicate significance at the 1% levels; (2) Values in parentheses are double-clustered
robust standard errors; (3) The underidentification test reports the Kleibergen-Paap rk LM statistic,
with p-values of Chi-sq(2) in brackets; (4) The weak instrumental variable test reports the Cragg-
Donald Wald F statistic, with critical values of the Stock-Yogo test at the 5% significance level in
curly braces.

4.1.2. Robustness Tests

To verify the robustness of the benchmark regression analysis, this paper conducts
robustness tests by replacing the measurement method of the explained variable, the
measurement method of the core explanatory variable, replacing the regression model,
excluding municipal directly governed by the central government samples, and excluding
public health shock events.

(1) Replacing the explained variable: In the benchmark regression analysis of this paper,
the explained variable (government governance performance) is calculated by assign-
ing weights to basic indicators based on the entropy weight method. This method
reflects the degree of dispersion of each indicator through the indicator information
entropy—the higher the degree of dispersion, the smaller the information entropy,
and the larger the indicator weight. It can avoid artificial biases caused by subjective
weighting methods, which is in line with the objectivity requirements of empirical
research. To verify that the core conclusions are not affected by the weighting method,
this paper re-calculates government governance performance using the equal weight-
ing method in the robustness test and re-examines the impact of AI development
on government governance performance. The results are shown in Column (1) of
Table 4. The results indicate that AI development has a significantly positive impact on
government governance performance, showing that the results obtained by replacing
the explained variable are consistent with the benchmark regression results, proving
the robustness of the regression results.

(2) Replacing the core explanatory variable: In the benchmark regression analysis, AI
development is characterized by the logarithmic form of the number of patent ap-
plications. Unlike the number of patent applications, the number of authorizations
requires substantive examination by intellectual property authorities, which not only
reflects the scale of innovative activities but also reflects the quality and effectiveness
of technological innovation, effectively avoiding interference from low-quality patents
on measurement results. Therefore, to verify the reliability of the core conclusions, this
paper further uses the number of authorized AI patents (logarithmically processed)
as an alternative indicator for the core explanatory variable. In addition, referring to
the research of Hu et al. (2021) [28], AI enterprises are screened from the Tianyancha
Enterprise Database through keyword search, and the logarithm of the number of
AI enterprises in each city is used as an alternative indicator. Columns (2) to (3) of
Table 4 report the results of the impact on government governance performance after
replacing the measurement method of AI. The results show that regardless of the
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measurement method used to measure AI development level, its impact on govern-
ment governance performance is consistent with the benchmark regression analysis,
proving the robustness of the results of this paper.

(3) Replacing the regression analysis method: From the measurement results of govern-
ment governance performance in this paper, the data is likely to have censored data,
leading to model regression bias. Therefore, referring to the research of Shen and Tan
(2022) [29], this paper changes the estimation method and uses the Tobit model to
re-examine the relationship between AI and government governance performance.
The results are shown in Columns (1) to (3) of Table 5. The results estimated using the
Tobit model indicate that AI development has a significantly positive impact on gov-
ernment governance performance, which is consistent with the benchmark regression
analysis, further verifying the robustness of the regression results of this paper.

(4) Changing the sample size: This paper uses samples of 286 prefecture-level cities
for analysis, including four municipalities directly governed by the central govern-
ment (Beijing, Tianjin, Shanghai, and Chongqing). However, compared with other
provinces, municipalities directly governed by the central government have signifi-
cant differences in economic size, population scale, jurisdiction area, administrative
power, etc. Including them in the overall empirical sample analysis may lead to bias
risks in the results of the impact of AI on government governance performance. In
view of this, referring to the research of Long et al. (2024) [26], this paper excludes
the four municipalities directly governed by the central government (Beijing, Tianjin,
Shanghai, and Chongqing) and re-tests the impact of AI on government governance
performance. The results are shown in Column (2) of Table 5. The results indicate
that AI development has a significantly positive impact on government governance
performance, which is consistent with the benchmark regression analysis, further
demonstrating the reliability of the regression results of this paper.

(5) Excluding years of public health emergencies: The sample period of the benchmark
regression analysis of this paper is from 2009 to 2023, which includes the epidemic
years. However, the epidemic shock may have an exogenous interference on the
regression results of AI empowering government governance performance. On the
one hand, during the epidemic, the government tilted a large amount of resources
towards epidemic prevention, implementing emergency governance methods such as
online approval and intelligent monitoring, which rapidly improved the convenience
and efficiency of governance processes in the short term. This is likely to cause a
“false result” of improved government governance performance, masking the real em-
powerment effect of AI technology on government governance performance. On the
other hand, the epidemic forced the government to accelerate digital transformation,
introducing temporary digital governance subsidy policies and smart government
service upgrading policies, which formed a superposition effect of policies and tech-
nology with the application of AI technology, possibly distorting the evaluation of
the impact of AI on government governance performance. Therefore, to ensure the
accuracy and reliability of the regression results, this paper excludes the research
samples of 2020 and 2021 during the epidemic. The results are shown in Column (3) of
Table 5. The results indicate that after excluding the epidemic years, the direction and
significance of the impact of AI development on government governance performance
are consistent with the benchmark regression analysis, proving that the regression
results of this paper have good robustness.
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Table 4. Robustness Tests: Replacing Variable Measurement Methods.

Explained Variable: Government Governance
Performance (GP)

(1) (2) (3)

AI 0.0049 ***
(6.309)

0.0057 ***
(6.224)

0.0161 ***
(7.652)

Constant 0.2299 ***
(4.482)

0.0657
(0.933)

0.0259
(0.367)

Control Variables YES YES YES

Time-fixed Effects YES YES YES

Regional-fixed Effects YES YES YES

Sample Size 4290 4290 4290

R2 0.8115 0.8280 0.8294
Notes: (1) *** indicate significance at the 1% levels.

Table 5. Robustness Tests: Replacing Regression Methods, Changing Sample Size, and Excluding
Years of Public Health Emergencies.

Variables
Explained Variable: Government Governance

Performance (GP)

(1) (2) (3)

AI 0.0061 ***
(7.520)

0.0062 ***
(6.242)

0.0055 ***
(5.578)

Constant 0.0531
(1.083)

0.0442
(0.631)

0.0373
(0.485)

Control Variables YES YES YES

Time-fixed Effects YES YES YES

Regional-fixed Effects YES YES YES

Sample Size 4290 4230 3718

R2 10,421.923 0.7838 0.8526
Notes: (1) *** indicate significance at the 1% levels.

4.2. The Heterogeneious Impacts of AI Development on GP

The impacts of AI development on GGP in regions with high government attention to
AI, digital finance development level, market potential are significantly greater than that in
regions with low government attention to AI, digital finance development level, market
potential (Figure 2).

1. Heterogeneity analysis of government attention to AI: To examine whether the impact
of AI development on GGP is related to government attention to AI, we divide
the sample into two groups (high government attention to AI and low government
attention to AI) using the median (P50) of government attention to AI as the critical
value. The results in Columns (1) and (2) of Figure 2 show that AI development
has a significantly positive impact on GGP in both groups of regions, indicating
that AI development is an important driving factor for improving the level of urban
GGP in regions with both high and low government attention to AI. In terms of the
magnitude of the regression coefficient, the coefficient of the high attention group
(0.0088) is greater than that of the low attention group (0.0034), and combined with an
empirical p-value of 0.000, this inter-group difference is statistically significant. This
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indicates that the impact of AI development on GGP in regions with high government
attention to AI is significantly greater than that in regions with low attention. This
difference stems from the fact that regions with high attention usually incorporate AI
technology more into governance plans and have more advantages in policy support,
capital investment, and talent reserves, thereby more fully releasing the governance
effectiveness of AI.

2. Heterogeneity analysis of regional digital finance development level: To examine
whether the impact of AI development on GGP is related to the regional digital
finance development level, we group the regional digital finance development level
by median. The group above the median is defined as the high-level group (value = 1),
and the group below the median is the low-level group (value = 0). The results in
Columns (3) and (4) of Figure 2 show that AI development has a significantly positive
impact on GGP (GP) in both samples. In terms of the magnitude of the regression
coefficient, the high-level group (0.0085) is greater than the low-level group (0.0033),
with an empirical p-value of 0.000, indicating a significant inter-group difference.
This result shows that the higher the regional digital finance development level,
the stronger the empowerment effect of AI development on GGP. The synergistic
effect of digital finance and AI significantly improves governance effectiveness. The
reason is that the development of digital finance can provide data support and capital
guarantee for the application of AI technology in scenarios such as government
services and risk supervision. The combination of the two can promote the digital
and intelligent transformation of governance processes, thereby more effectively
improving governance performance.

3. Heterogeneity analysis of regional market potential: To examine whether the impact
of AI development on GGP is related to regional market potential, we group the
regional market potential by median. The group above the median is the high market
potential group, and the group below the median is the low market potential group.
The results in Columns (5) and (6) of Figure 2 show that AI development has a
significantly positive impact on GGP in both samples. In terms of the coefficient
magnitude, the high market potential group (0.0107) is significantly greater than the
low market potential group (0.0023), with an empirical p-value of 0.000, indicating a
significant inter-group difference. This result stems from the fact that regions with high
market potential have more active economic activities and higher population density,
resulting in stronger demand for public service efficiency and market supervision
capabilities. Therefore, they are more motivated to optimize service processes and
improve supervision accuracy through AI technology, thereby amplifying the effect
of technological empowerment on governance. Although regions with low market
potential have relatively low economic activity, AI technology can still significantly
promote performance by improving basic governance capabilities, but the effect
intensity is relatively weak.

4.3. Short-Term and Long-Term Impact of AI Development on GGP

The above research empirically analyzes the total effect of AI on government gov-
ernance performance based on fixed effects. This section further analyzes whether there
are differences in the impact of AI on government governance performance in the short
term and long term. Therefore, this paper selects the Panel Error Correction Model
(PECM) to empirically test the short-term and long-term effects of AI on government
governance performance.
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Figure 2. The heterogeneous associations between AI development and GGP. Notes: (1) Government
attention to AI is measured in this paper by the frequency of mentioning relevant terms such as
“artificial intelligence” and “intelligent governance” in local government work reports. (2) The
regional digital finance development level is measured using the Digital Finance Development
Index compiled by the Digital Finance Research Center of Peking University. (3) *** and **, indicate
significance levels of 1% and 5%, respectively.

4.3.1. Stationarity Test of Variables

Before conducting empirical analysis using the Panel Error Correction Model (PECM),
it is necessary to clarify the characteristics of each variable. We conduct stationarity tests
on the original data and employ the LLC test method to examine the stationarity of each
variable. Table 6 reports the panel unit root test results for each variable. The LLC test results
reported in Table 6 indicate that the level sequences of all variables are non-stationary, while
the differenced sequences become stationary after the first-order difference. Therefore,
we conclude that all variables are I(1) processes, and cointegration tests can be conducted
among these variables.

Table 6. Unit Root Test.

Variables
LLC Test

Level Value First-Order Difference Value

GP 1.5908 (1.000) −61.1458 *** (0.000)
AI −51.7352 (1.000) −70.3862 *** (0.000)
To −2.7133 (1.000) −52.1599 *** (0.000)

Urban −10.1045 (1.000) −96.1780 *** (0.000)
Slge −39.4066 (0.6958) −60.6498 *** (0.000)
Pci −12.6700 (1.000) −52.4979 *** (0.000)
Dp 1.7667 (1.000) −78.5281 *** (0.000)

Notes: (1) *** indicate rejecting the null hypothesis that “all cross-sectional sequences in the panel are
non-stationary” at the 1% levels; (2) Values in parentheses are p-values.

4.3.2. Panel Cointegration Test

Before conducting Panel Error Correction Model (PECM) regression, it is necessary to
further conduct a cointegration test on the equation. For panel cointegration test methods,
referring to the research of Kao (1999) [30], Pedroni (1999, 2004) [31,32], and Westerlund
(2005, 2007) [33,34], the relationship between the independent variable and government
governance performance is tested respectively. Table 7 reports the results of the Kao test,
Pedroni test, and Westerlund test. It can be seen from Table 7 that the Kao test, Pedroni
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test, and Westerlund test all reject the null hypothesis of “no cointegration relationship”
in all equations. The cointegration test results show that there is a long-term equilibrium
cointegration relationship between AI and government governance performance.

Table 7. Panel Cointegration Test.

Test Method Statistic
Independent Variable: AI

Development
Statistic p-Value

Kao Test

Modified Dickey–Fuller t 3.6729 *** 0.000
Dickey–Fuller t 1.5898 ** 0.055

Augmented Dickey–Fuller t 3.3928 *** 0.000
Unadjusted modified Dickey–Fuller t −2.5258 *** 0.005

Unadjusted Dickey–Fuller t −3.3585 *** 0.000

Pedroni Test

Modified Phillips-Perron t 24.5659 *** 0.000
Phillips-Perron t −38.3651 *** 0.000

Augmented Dickey–Fuller t −27.9236 *** 0.000
Westerlund Test Variance ratio −2.7159 *** 0.003

Notes: (1) **, and *** indicate significance at the 5%, and 1% levels, respectively; (2) Values in
parentheses are p-values.

AI development has a significantly negative impact on GGP in the short term and
a significantly positive impact in the long term. The results in Table 8 indicate that the
error adjustment coefficient is significantly negative (−0.2075), the 95% confidence interval
is [−0.2686, −0.1463], indicating the existence of a reverse error correction mechanism.
In terms of the impact of AI development on GGP, the coefficient of long-term impact is
0.0072 and the coefficient of short-term impact is −0.0019 which are both significant. This
indicates that AI development has a significantly negative impact on GGP in the short term
while a significantly positive impact in the long term. This is mainly due to the “creative
destruction” effect in the initial stage of AI technology application: the government needs
to invest a lot of resources in AI infrastructure construction, personnel skill training, and
governance process adaptation, while frictions in the connection between old and new
systems and barriers to data sharing will temporarily reduce governance efficiency. At the
same time, AI “hallucination” risks and algorithmic biases may trigger disputes over public
services, further suppressing short-term performance. In the long run, with the deep inte-
gration of technology and governance scenarios, AI significantly improves decision-making
scientificity and service quality and efficiency by optimizing resource allocation, realizing
predictive governance, and promoting cross-departmental collaboration. In addition, the
government gradually establishes an adaptive regulatory framework and operation and
maintenance model, and the technological empowerment effect is continuously released,
ultimately promoting the positive improvement of governance performance.

4.4. Threshold Effect of AI Development on GP

Before conducting the threshold value test, it is necessary to first determine the number
of threshold variables to confirm the specific form of the model. The basic model is
estimated under four states: no threshold, single threshold, double threshold, and triple
threshold. The F-statistic and p-value of the Bootstrap test under each state are shown
in Table 9. It can be seen from Table 9 that when the threshold variable is the regional
institutional environment intensity (Rie), and the explanatory variable is AI (AI), the single
threshold test is passed, but the double threshold test is not. Therefore, when the regional
institutional environment intensity is used as the threshold variable and the AI development
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level is used as the explanatory variable, the single threshold effect should be selected for
estimation. When the threshold variable is the regional AI funding input intensity (Iai),
and the explanatory variable is AI (AI), the single threshold test is passed, but the double
threshold test is not. Therefore, when the regional AI funding input intensity is used as the
threshold variable and the AI development level is used as the explanatory variable, the
single threshold effect should be selected for estimation.

Table 8. Short-Term and Long-Term Impacts of AI Development on GGP.

Explained Variable: Government Governance
Performance (GP)

(1) (2)

DFE DFE_cluster

Long-term impacts (AI) 0.0072 ***
(5.064)

0.0072 ***
(4.545)

Short-term impact (AI) −0.0019 ***
(−3.949)

−0.0019 ***
(−4.964)

Error Adjustment Factor −0.2075 ***
(−20.415)

−0.2075 ***
(−6.652)

Intercept term 0.0479
(1.252)

0.0479
(1.080)

Notes: (1) ***, indicate significance at the 1% levels. (2) Regarding the selection of estimation
methods, the estimation methods of the Panel Error Correction Model (PECM) mainly include three
models—MG, PMG, and DFE. Existing literature analysis believes that the results of DFE estimation
are more appropriate than MG estimation and PMG estimation [18]. Therefore, we analyze the DFE
estimation results. (3) The variables are stationary after first-order difference and there is a long-term
equilibrium cointegration relationship between AI and GGP.

Table 9. Threshold Value Estimation and Test Results.

Threshold
Variable

Explanatory
Variable

Number of
Thresholds Threshold Value F-Value

(p-Value)
95% Confidence

Interval

Rie AI
Single Threshold 7.8770 47.560 ** (0.040) [36.4057, 71.8641]

Double Threshold 11.6400 26.260 (0.210) [40.0796, 71.5243]

Iai AI
Single Threshold 0.0582 32.800 * (0.070) [30.1027, 59.7485]

Double Threshold 0.4205 13.160 (0.356) [24.3364, 52.0005]

Notes: (1) **, and * indicate significance at the 5%, and 10% levels, respectively. (2) Values in
parentheses are p-values.

The development of AI requires higher levels of institutional environment and funding
input intensity as support to maximize the improvement of GGP (Table 10). The results
in Column (1) show that in terms of the threshold effect of the regional institutional en-
vironment intensity (Rie), when the regional institutional environment intensity is less
than the threshold value of 7.8770, the impact of AI development on GGP is significantly
positive, with an estimated coefficient of 0.0055. When the regional institutional envi-
ronment intensity is greater than the threshold value of 7.8770, the estimated coefficient
of AI development on GGP is 0.0068, which is significantly positive at the 1% statistical
level. This indicates that in regions with a relatively high level of institutional environment
intensity, AI development will significantly promote the improvement of GGP. The results
in Column (2) show that in terms of the threshold effect of the regional AI funding input
intensity (Iai), when the regional AI funding input intensity (Iai) is less than the threshold
value of 0.0582, the estimated coefficient of the impact of AI development on GGP is 0.0054,
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which is significantly positive at the 1% confidence level. When the regional AI funding
input intensity is higher than the threshold value of 0.0582, the estimated coefficient of AI
development on GGP is 0.0065, which is also significantly positive at the 1% confidence
level. Compared with the impact of AI development on GGP in regions with low AI
funding input intensity, the impact of AI development on GGP in regions with high AI
funding input intensity is greater.

Table 10. Threshold Effect Analysis: Regional Institutional Environment Intensity and AI Funding
Input Intensity.

(1) (2)

Variables Coefficients Variables Coefficients

AIit × I(Rie ≤ 7.8770) 0.0056 ***
(3.060) AIit × I(Iai > 0.0582) 0.0054 ***

(2.910)

AIit × I(Rie > 7.8770) 0.0067 ***
(3.350) AIit × I(Iai ≤ 0.0582) 0.0066 ***

(3.010)

Constant 0.0731
(0.660) Constant 0.1182

(0.920)

Control Variables YES Control Variables YES

Time-fixed Effects YES Time-fixed Effects YES

Regional-fixed Effects YES Regional-fixed Effects YES

F-value 89.020 ***
[0.000] F-value 53.390 ***

[0.000]

Sample Size 4215 Sample Size 4140

R2 0.4777 R2 0.4717

Notes: (1) ***, indicate significance at the 1% levels. (2) Values in parentheses represent t-values
adjusted for province-level clustered robust standard errors. (3) Values in brackets are p-values.

4.5. Spatial Effect of AI Development on GP

AI development improves the local GGP, it also significantly enhances the governance
performance of neighboring regions through the spatial spillover effect (Table 11). Through
the analysis of the spatiality of GGP, it is confirmed that GGP has a significant spatial effect.
Therefore, based on the Spatial Durbin Model (SDM), we further empirically examine the
spatial spillover effect of AI development on GGP. firstly, referring to the research of Jia et al.
(2021) [20], the adaptability of the SDM is tested. The results are shown in Table 11. From
the statistical results of Wald SAR (p) and Wald SEM (p), the SDM rejects the degradation
to the Spatial Autoregressive Model (SAR) and Spatial Error Model (SEM). Secondly, the
statistical test results of Sigma2, Log, and R2 in Table 11 all indicate that the fitting degree
of each model and the credibility of the regression results are good, which can mutually
support each other’s test conclusions. Finally, the spatial spillover coefficient ρ passes
the test at the 1% confidence level, indicating that the impact of AI development on GGP
presents a significant “spillover effect.” Moreover, under both the geographic distance
weight matrix and economic distance weight matrix, the impact of AI development (dtd)
on GGP is significantly positive at the 1% confidence level, showing that after considering
spatial factors, AI development is still conducive to improving GGP.
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Table 11. Spatial Spillover Effect of AI Development on GGP.

Variables

Dependent Variable: Government Governance Performance (GP)

(1) (2)

Geographic Distance Weight Matrix Economic Distance Weight Matrix

AI 0.0050 ***
(6.171)

0.0049 ***
(6.074)

W × AI 0.0118
(1.526)

0.0471 ***
(4.812)

Direct Effect 0.0051 ***
(6.224)

0.0043 ***
(6.130)

Indirect Effect 0.0409 *
(1.770)

0.0700 ***
(4.356)

Total Effect 0.0469 **
(1.998)

0.0749 ***
(4.670)

ρ
0.6262 ***

(7.827)
0.3000 ***

(2.913)

Sigma2 0.0004 ***
(46.230)

0.0004 ***
(46.276)

Wald SAR (p) 65.190 ***
[0.000]

86.330 ***
[0.000]

Wald SEM (p) 65.130 ***
[0.000]

89.870 ***
[0.000]

Control Variables YES YES

Time-fixed Effects YES YES

Regional-fixed Effects YES YES

Sample Size 4290 4290

R2 0.1401 0.2114

Log 10,494.6412 10,478.5539

Notes: (1) *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively; (2) Values in
parentheses are Z-values. (3) GGP passes the Spatial Correlation Test.

Following the approach of LeSage and Pace (2009) [35], this paper further decomposes
the Spatial Durbin Model (SDM) to derive the direct, indirect, and total effects of artificial
intelligence development on government governance performance. The direct effect reflects
the average impact of a region’s own AI development on its government governance
performance, including feedback effects (i.e., the pathway through which a local shock
affects neighboring regions via spatial interaction and then feeds back to the original region).
The indirect effect (spatial spillover effect) reflects the average impact of neighboring
regions’ AI development on a given region’s government governance performance. The
total effect is the sum of the direct and indirect effects, representing the average impact on
the government governance performance of all regions within the entire system when the
level of AI development in a given region increases by one unit on average. This conceptual
clarification helps readers accurately distinguish among the three types of effects when
interpreting the results.

The results show that, under both the geographic distance weight matrix and the
economic distance weight matrix, the indirect effect of AI development on government
governance performance is significantly positive at the 1% confidence level, indicating that
AI development not only improves the government governance performance of the local
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region but also significantly enhances that of neighboring regions through spatial spillover
effects. Specifically, under the geographic distance weight matrix, the direct effect of AI
on government governance performance is 0.0050 (significant at the 1% level), the indirect
effect is 0.0409 (significant at the 10% level), and the total effect is 0.0459 (significant at the
5% level), suggesting that technological spillovers exhibit a strong feature of geographic
proximity. Under the economic distance weight matrix, the direct effect is 0.0049 (significant
at the 1% level), the indirect effect is 0.0700 (significant at the 1% level), and the total effect
is 0.0749 (significant at the 1% level). The indirect effect is notably larger than that under
the geographic distance weight matrix (0.0700 > 0.0409), indicating that the governance
efficacy spillover of AI is more pronounced among regions with closer economic linkages.

5. Discussion
This study provides the systematic research framework of “direct effects—heterogeneous

characteristics—short-term and long-term dynamics—threshold constraints—spatial spillover”
and integrates the multi-dimensional impacts, dynamic evolution laws, boundary condi-
tions, and spatial spillover effects of AI development on GGP into a unified system. We
find that the AI development has had a profound impact on GGP, including direct effects,
heterogeneous effects, and spatial spillover effects. AI development has a negative impact
on GGP in the short term while a positive impact in the long term. Furthermore, there
is a threshold effect between the intensity of institutional environment and the intensity
of capital investment in the impact of artificial intelligence development on government
governance performance.

AI technology, with its revolutionary potential in perception, cognition, prediction,
and decision support, is becoming the core driver for promoting the transformation of
government governance paradigms. Its action logic is rooted in the profound mechanisms
revealed by the Resource-Based View [36] and the Technology Empowerment Theory [37].
The Resource-Based View regards an organization as a collection of unique resources and
capabilities, and its sustainable competitive advantage comes from controlling strategic
resources that are valuable, scarce, inimitable, and non-substitutable. In the digital economy
era, data is undoubtedly a basic resource, but more importantly, the ability to transform
raw data into accurate insights and intelligent actions. AI is the carrier and amplifier of this
high-level cognitive and decision-making capability. When the government deploys AI
systems, it essentially acquires and internalizes a strategic organizational capability that
can continuously learn, optimize autonomously, and handle complex uncertainties. This
capability is significantly different from traditional information tools. It is not a simple sub-
stitution for human labor, but creates a new governance resource endowment of “human
intelligence + machine intelligence” synergy, laying a differentiated resource foundation
for the government to respond to rapid changes in the external environment and improve
the efficiency of public value creation. The Technology Empowerment Theory further
explains how such strategic technological resources are transformed into actual governance
effectiveness. From this theoretical perspective, AI is regarded as a general-purpose tech-
nology with strong penetration and restructuring effects. Its empowerment process is not
achieved overnight, but gradually reshapes the processes, decision-making, and interaction
models of government governance through reinforcing paths, scientific transformation
of decision-making models and the intelligent restructuring of administrative processes.
Therefore, AI development systematically improves the comprehensive GGP from the
dimensions, such as decision-making quality, execution efficiency, and output effect.

The impact of AI development on GGP is not static, but shows dynamic evolutionary
characteristics of short-term adjustment and long-term empowerment. This law stems
from the “creative destruction” mechanism of technology application and the adaptive
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upgrading logic of the governance system. In the short term, AI is likely to have a negative
impact on government governance performance. On the one hand, the implementation
of technology requires investing a lot of resources in building computing infrastructure,
standardizing government data, and training public officials’ digital skills, which will crowd
out traditional governance resources in the short term, leading to increased administrative
costs and process adaptation frictions [38]. On the other hand, there are barriers in the
connection between old and new governance models. Institutional obstacles to data
sharing and adaptation conflicts between algorithmic models and traditional government
processes may reduce service response efficiency. At the same time, AI “hallucination”
risks and algorithmic biases may trigger disputes over the fairness of public services,
further suppressing short-term governance performance [39]. In addition, the government’s
regulatory framework for AI technology is not yet perfect, and considerations of compliance
and safety in technology application will limit the immediate release of its effectiveness. In
the long run, the technical characteristics of AI will be deeply integrated with governance
scenarios, releasing sustained empowerment effects. Firstly, the data-driven decision-
making model replaces empirical judgment, making policy formulation more in line with
people’s livelihood needs and development reality, and improving governance accuracy.
Secondly, automated processes greatly reduce the time costs of administrative approval,
regulatory law enforcement and other links, optimizing the efficiency of public service
supply. Thirdly, cross-departmental data collaboration breaks down “information silos,”
realizing collaborative governance in fields such as ecological environmental protection and
emergency management, and improving governance systematicness [4]. At the same time,
the government gradually resolves short-term risks by continuously improving algorithmic
supervision rules and establishing technical operation and maintenance guarantee systems.
Coupled with efficiency improvements brought by technological iteration, it ultimately
promotes the steady improvement of government governance performance, achieving a
long-term balance between technological empowerment and governance modernization.

The empowerment effect of AI development on GGP is not linearly, but is constrained
and regulated by specific boundary conditions, such as institutional environment and
funding input. On the one hand, as the rule foundation of governance activities, the institu-
tional environment determines the efficiency of data factor circulation, the compliance of
algorithm application, and the level of cross-departmental collaboration, directly affecting
the depth of integration between AI technology and government scenarios [38]. The institu-
tional environment provides support for AI to empower government governance through
three core dimensions: standardizing governance processes, reducing transaction costs,
and ensuring data security. On the other hand, as a material guarantee, the intensity of AI
funding input is related to the advancement of key links such as computing infrastructure
construction, technological R&D iteration, and personnel skill training, determining the
breadth and depth of technology implementation [40]. Together, they constitute the core
threshold variables for AI to empower government governance performance. When the
improvement of the regional institutional environment or the intensity of AI funding in-
put does not reach the critical level, the technology empowerment effect will be limited
by factors such as resource constraints and rule obstacles; once the threshold value is
crossed, the synergistic effect of institutional guarantee and financial support will be fully
released, promoting a significant enhancement of the promoting effect of AI on government
governance performance.

The AI development in the local region can promote the GGP of neighboring regions.
Local governments are not isolated entities, and their governance behaviors and perfor-
mance have extensive interactions and connections in space. New Economic Geography
and Spatial Econometrics point out that due to factor mobility, knowledge spillover, policy
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imitation, and yardstick competition, economic activities or policy effects in one region will
have spillover impacts on neighboring regions [24]. The generation of spillover effects is
mainly based on three paths. firstly, when a local government achieves significant results
in a certain governance field using AI, its successful experience will become a “benchmark”
for neighboring regions to learn and imitate through various channels such as official
exchanges, media reports, and academic research. This reduces the exploration costs and
uncertainties of latecomers and accelerates the diffusion of advanced governance tech-
nologies and models. Secondly, the development and application of the AI industry will
attract the agglomeration of relevant technical talents, data resources, R&D capital, and
enterprises. These highly mobile factors may be reconfigured within a certain geographi-
cal scope, forming a regional talent pool, data market, and innovation network, thereby
benefiting surrounding regions and improving their basic conditions for applying AI. This
is consistent with the view proposed by Kamolov and Teteryatnikov (2021) [22] that AI
promotes resource integration and collaborative development at the regional level [40].
Finally, in the context of performance competition among governments, the improvement
of governance effectiveness brought by technology application in one region will form
a “benchmarking” pressure on surrounding regions. To avoid falling behind in regional
development competition or superior assessments, neighboring local governments have
a stronger incentive to introduce or develop similar AI governance solutions, thereby
indirectly promoting the spatial diffusion of technology and the improvement of overall
governance levels [17]. Based on the above analysis, the fourth research hypothesis of this
paper is proposed.

6. Conclusions
In the governance context where digital technology has fully penetrated, AI, as the

core carrier of technological empowerment, is profoundly changing the operational logic
and practical paradigm of government governance. Based on panel data of 286 prefecture-
level cities in China from 2009 to 2023, this study systematically examines the impact and
mechanism of AI development on GGP. Through a series of empirical studies including
benchmark regression, endogeneity treatment, robustness tests, heterogeneity analysis,
short-term and long-term effect tests, threshold effect analysis, and spatial effect analysis,
the main conclusions drawn are as follows:

1. AI development has a significant positive promoting effect on GGP, and this con-
clusion is robust. Both the benchmark regression results and the robustness test
results—after addressing endogeneity through the instrumental variable method,
replacing the measurement methods of the explained variable and core explanatory
variable, adopting the Tobit model to replace the estimation method, and excluding
samples of municipalities directly governed by the central government and epidemic
years—verify the positive empowerment effect of AI technology on GGP. This in-
dicates that AI has become an important driving force for improving government
governance capacity.

2. The promoting effect of AI development on GGP exhibits significant heterogeneous
characteristics. In regions with high government attention to AI, the empowerment
effect is stronger due to better policy support, capital investment, and talent reserves;
in regions with a high level of digital finance development, the synergistic effect of
digital finance and AI provides data and capital support for governance, improving
the effectiveness of technology application; in regions with large market potential,
strong demand for public services and supervision drives the in-depth application of
AI technology, amplifying the governance empowerment effect.
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3. The impact of AI development on GGP shows differences between short-term and
long-term effects: negative effects are seen in the short term and positive ones are seen
in the long term. In the short term, factors such as infrastructure investment, personnel
training costs, institutional connection frictions, and technological risks in the initial
stage of AI application lead to a temporary decline in governance efficiency; in the
long run, with the deep integration of technology and governance scenarios and the
gradual improvement of the adaptive institutional system, AI continuously releases
empowerment value through optimizing resource allocation, realizing predictive
governance, and promoting cross-departmental collaboration, driving the steady
improvement of governance performance.

4. The institutional environment and the intensity of AI funding input have a single
threshold effect on the governance empowerment effect of AI. When the regional
institutional environment intensity exceeds the threshold value of 7.8770 or the AI
funding input intensity exceeds the threshold value of 0.0582, the promoting effect of
AI development on GGP is significantly enhanced.

5. AI development has a significant positive spatial spillover effect on GGP. Under both
the geographic distance weight matrix and the economic distance weight matrix,
AI development can not only improve local GGP but also significantly promote the
improvement of governance performance in neighboring regions through the positive
spatial spillover effect.

Based on the above research conclusions, to give full play to the empowering role of
AI technology in the modernization of government governance and promote the contin-
uous improvement of governance effectiveness, the following policy recommendations
are proposed:

(1) Strengthen the top-level design of AI development and consolidate the foundational
support for governance empowerment. Governments at all levels should incorporate
artificial intelligence into the overall plan for governance modernization and increase
policy support and financial investment in AI technology R&D and infrastructure
construction. On the one hand, efforts should be accelerated to develop digital in-
frastructure such as computing power centers and data-sharing platforms, break
down data barriers, and build a secure and efficient data circulation system, thereby
providing hardware support for the application of AI in government service scenarios.
On the other hand, it is necessary to strengthen the cultivation and recruitment of AI
professionals, conduct digital skills training for public officials, enhance the govern-
ment’s capacity for AI technology application and supervision, mitigate the “creative
destruction” effects in the early stages of technological adoption, and accelerate the
transformation from short-term to long-term technological empowerment.

(2) Implement differentiated policy supply to precisely unlock the empowering potential
of regional governance. The heterogeneity analysis indicates that the promoting effect
of AI on government governance performance is more pronounced in regions with
higher government attention to AI, higher levels of digital financial development, and
greater market potential. This finding requires that policy-making should abandon
the “one-size-fits-all” approach and adopt differentiated and categorized governance
strategies. For regions with better development foundations (high attention, high
digital finance, high market potential), greater policy autonomy should be granted, en-
couraging them to pioneer institutional innovation and scenario-based breakthroughs
in areas such as intelligent government services, precision regulation, and predictive
governance, so as to form replicable models of experience. For regions with relatively
weak development foundations, the policy focus should first be placed on cultivating
the basic conditions for AI governance—including enhancing grassroots public offi-
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cials’ awareness and willingness to adopt AI through training, promoting low-cost
open-source AI governance tools, and encouraging the establishment of “pairing
assistance” technical cooperation relationships with advanced regions—rather than
simply pursuing large-scale deployment of technological systems. Of particular
note, government attention to AI is an important moderating variable affecting AI
governance effectiveness—this implies that enhancing local chief officials’ strategic
understanding of AI and their willingness to adopt the technology may be one of the
most cost-effective policy levers for releasing the dividends of AI governance in the
short term. It is recommended that digital governance literacy be incorporated into
the training and assessment systems for local leading cadres.

(3) Improve the institutional environment and funding guarantee system to break through
the threshold constraints of technological empowerment. On the one hand, for regions
where the institutional environment remains below the threshold value, the policy
focus should first be directed toward fundamental institutional supply—including
establishing rules for data property rights protection, formulating cross-departmental
data-sharing standards, and improving the compliance review framework for algo-
rithmic decision-making—rather than rushing to promote large-scale AI technology
procurement. This is because, in the absence of adequate institutional conditions, the
marginal returns on technology investment are relatively low. Once the institutional
environment reaches the critical threshold, policy should shift toward encouraging
the deep integration of AI technologies with governance scenarios, at which point the
returns on technology investment will increase significantly. On the other hand, for
regions where the intensity of financial investment falls below the threshold value,
limited fiscal resources should be prioritized for the “minimum viable scale” essentials
for AI system operation, such as computing infrastructure, unified data platforms,
and the introduction of specialized talent, in order to cross the threshold value as soon
as possible. For regions that have already surpassed the threshold, capital allocation
should shift from “infrastructure construction” to “scenario deepening”—promoting
the formation of systematic application networks for AI in diverse scenarios such
as ecological and environmental protection, social governance, and public services,
thereby further amplifying the governance returns on financial investment.

(4) Explore regional collaborative governance mechanisms to facilitate the orderly re-
lease of technological spillover effects. Given that the spatial spillover effects of AI
on government governance performance are more significant between regions with
close economic linkages, governments at all levels should respect the spatial laws
of technological spillovers and, guided by regional coordination, progressively pro-
mote cross-regional cooperation in AI governance. First, regions with higher levels
of AI development should be encouraged to establish multi-level and multi-form
cooperative relationships with surrounding regions, including technology exchanges,
talent training, and case-sharing, so as to gradually disseminate mature intelligent
governance experiences. Second, within conditional city clusters, the establishment
of regional digital governance information-sharing platforms may be explored to
promote cross-regional interconnection of government data under the premise of
security and compliance, gradually realizing the regional collaborative application
of AI technologies in fields such as public services, ecological and environmental
protection, and emergency management. Third, it should be fully recognized that the
realization of spatial spillover effects depends on the strength of economic linkages
and the level of factor mobility between regions; therefore, in the process of promoting
regional collaborative governance, it is necessary to simultaneously strengthen inter-
regional industrial cooperation, talent exchange, and infrastructure connectivity, so
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as to create basic conditions for the effective transmission of technological spillovers.
Finally, when promoting the application of AI governance, all localities should base
their efforts on their own development stages and actual needs, avoid blind imita-
tion and “one-size-fits-all” follow-up, and emphasize tailored approaches to achieve
differentiated and gradient-based intelligent governance pathways.

It should be noted that this paper has certain limitations. In terms of the construction
of government governance performance indicators, although this study has endeavored to
accommodate the multi-dimensional characteristics of governance outcomes to the greatest
extent possible and employed the entropy method to achieve objective weighting, certain
subjective perception-based indicators (such as public satisfaction, government credibility,
and citizens’ experiential evaluations of public services) could not be incorporated into
the evaluation system due to data availability constraints at the prefecture-level city level.
Future research, when conditions permit, may combine large-scale public opinion survey
data with administrative records to construct a comprehensive governance performance
evaluation framework that encompasses both objective output measures and subjective
perception evaluations. In addition, this paper focuses on the prefecture-level city level and
does not delve into the differential characteristics at the provincial or county levels; future
research may further expand the analytical scale to enrich the empirical evidence on the
effectiveness of AI governance. Moreover, constrained by the inherent limitations of non-
experimental data, although this paper has endeavored to mitigate endogeneity concerns
through instrumental variable methods, two-way fixed effects, and various robustness
checks, the exclusion restriction of the instrumental variables cannot be definitively falsified
in theory. Therefore, the positive association between AI and government governance
performance revealed in this paper should be interpreted as robust statistical inferential
evidence rather than absolute causal effect estimates. Future research may further explore
quasi-natural experimental approaches to deepen the understanding of this relationship
through more rigorous causal identification strategies.
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