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Abstract 

As a critical infrastructure carrier underpinning the cross-regional circulation of data ele-
ments within socioeconomic systems, intelligent computing centres (ICCs) confront a piv-
otal practical challenge amid the transition to a green economy: whether they can syner-
gistically drive digital economy development while facilitating green growth. This ques-
tion demands empirical verification from the perspective of social science systems prac-
tice. Drawing on panel data covering 292 Chinese cities at the prefecture level and above 
over the period 2010–2023, this study constructs a multidimensional difference-in-differ-
ences model with ICC construction as the core explanatory variable. Adopting a systemic 
analytical framework that integrates urban governance, industrial organization and re-
gional coordination, it explores the impact of ICC deployment on urban environmental 
performance as well as the operational mechanisms embedded in socioeconomic prac-
tices. The findings demonstrate that ICC construction significantly enhances urban envi-
ronmental performance. This conclusion remains robust after addressing endogeneity 
concerns and conducting multiple robustness tests. Heterogeneity analysis, grounded in 
social and regional contextual disparities, indicates that this positive effect is more pro-
nounced in non-resource-based cities, cities with a strong focus on environmental govern-
ance and cities located in western China. Mechanism tests further clarify that such effects 
are achieved through two critical pathways of organizational and systemic transition, fos-
tering green innovation and advancing industrial structure optimization. Moreover, by 
constructing a Spatial Durbin Model to analyse interregional systemic linkages, this study 
identifies a significant positive spatial spillover effect of ICC construction. This outcome 
reflects the cross-regional synergistic value of digital infrastructure within the national 
green economy system. From the perspective of social science systems practice, this study 
innovatively reveals the embedded role of digital infrastructure in the green economy 
system. It provides empirical support for optimizing the spatial layout of ICCs and offers 
targeted policy references for promoting the coordinated development of the digital econ-
omy and ecological environmental protection. 
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1. Introduction 
In the new era characterized by the synergistic development of the digital economy 

and green transition, computing power has emerged as a crucial production factor that 
drives economic growth and facilitates environmental governance [1,2]. According to the 
“White Paper on China’s Computing Power Development Index (2023)” released by the 
China Academy of Information and Communications Technology, the scale of China’s 
intelligent computing power has experienced rapid growth. In 2022, intelligent compu-
ting power accounted for over 59% of the total computing power, with a growth rate of 
72%. As a new type of digital infrastructure providing concentrated intelligent computing 
power services, the strategic nationwide layout of intelligent computing centers (ICCs) is 
not only a core measure to implement the “Eastern Data and Western Computing” project 
and consolidate the digital economy, but also exerts a profound impact on regional envi-
ronmental governance and sustainable development. Meanwhile, China’s proposed “dual 
carbon” (carbon peaking and carbon neutrality) strategic goals have placed higher de-
mands on urban environmental performance, making it of great practical significance to 
explore how to leverage digital technology to empower green and low-carbon develop-
ment [3]. Against this backdrop, clarifying the environmental effects of ICCs—an infra-
structure intensive in technology—is crucial for the coordinated advancement of building 
a Digital China and a Beautiful China. 

Existing studies have initially confirmed the positive role of ICCs in promoting in-
dustrial agglomeration and enhancing total factor productivity. However, research on 
their impact on environmental performance is still in its infancy [4,5]. A small number of 
cutting-edge studies have begun to focus on the emission reduction potential of the digital 
economy and artificial intelligence (AI) [6,7], yet the existing literature has obvious limi-
tations: Most studies focus on the macro-provincial level or the micro-enterprise perspec-
tive, lacking a systematic analysis of prefecture-level cities—a key unit for policy imple-
mentation and environmental pollution control. This makes it difficult to reveal regional 
heterogeneity. Although some studies have discussed the impact of generalized digital 
technologies, research on the environmental performance of ICCs—a specific type of new 
infrastructure—remains a gap. Their unique attributes of public computing power ser-
vices, high energy consumption characteristics, and potential role in empowering green 
technologies make their environmental externalities in urgent need of special examina-
tion. Under the “Eastern Data and Western Computing” project, ICCs exhibit typical 
cross-regional layout characteristics, and their environmental effects are bound to have 
spatial correlations. However, the existing literature seriously lacks the identification and 
mechanism discussion of such spatial spillover effects. 

To address the aforementioned research gaps, this study adopts a progressive re-
search design that combines ordinary panel data analysis and spatial econometric model-
ing. It is worth emphasizing that the logical relationship between the ordinary panel data 
analysis and the spatial econometric model employed in this study is one of “foundation-
extension” rather than “contradiction”. First, a core prerequisite for exploring spatial spill-
over effects lies in clarifying the fundamental causal link between the construction of ICCs 
and the environmental performance of local cities. By utilizing the difference-in-differ-
ences (DID) model and a series of robustness tests, this study first rules out confounding 
factors such as endogeneity, confirming that the establishment of ICCs can significantly 
enhance local environmental performance. This finding lays a solid causal foundation for 
further investigating whether such effects exhibit cross-regional spillover characteristics. 
Second, the spatial Durbin model (SDM) is not a substitute for the ordinary panel data 
model but rather an in-depth extension built upon it. While revalidating the local direct 
effect, the SDM further decomposes the spatial spillover effect and total effect, facilitating 
a comprehensive understanding of the multi-dimensional impacts of ICCs—ranging from 
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“local governance optimization” to “regional collaborative improvement”. Thus, the se-
quential application of these two types of models represents a progressive logical design, 
which aligns with the research paradigm of “first verifying the existence of effects, then 
exploring the scope of effects”. 

This study precisely anchors the analytical unit at the prefecture-level city scale, 
thereby offering a pivotal and innovative perspective for elucidating the environmental 
planning effects of digital infrastructure. Unlike macro-provincial analyses, which are 
prone to aggregation bias, and micro-enterprise studies, which are constrained by their 
localized scope, prefecture-level cities serve as the core administrative entities tasked with 
implementing national top-tier strategies such as the Eastern Data and Western Compu-
ting initiative, as well as formulating and executing localized environmental regulations 
and industrial policies. By conducting empirical tests at this spatial scale, the study can 
more sensitively capture the intricate interactions between ICC layout, regional resource 
endowments, industrial foundations, and environmental policy frameworks. In turn, this 
enables the identification of the fundamental drivers underlying the regional heterogene-
ity in ICCs’ environmental effects, while providing direct empirical support for designing 
differentiated and targeted regional environmental planning policies. 

Furthermore, this study pioneers the expansion of digital infrastructure research be-
yond the realm of economic benefits to encompass environmental outcomes, with a fo-
cused examination of ICCs as a distinct category of new infrastructure. On one hand, it 
empirically unravels the dual internal mechanisms—green technological innovation and 
industrial structure upgrading—through which ICCs enhance urban environmental per-
formance. On the other hand, by constructing a Spatial Durbin Model (SDM), the study 
for the first time explicitly quantifies both the direct local effect and the positive spatial 
spillover effect of ICCs on the environmental performance of adjacent cities. This finding 
verifies the potential value of ICCs in facilitating cross-regional coordinated environmen-
tal governance, elevating the discourse on the environmental externalities of digital infra-
structure from a narrow focus on local effects to a more comprehensive analysis of re-
gional network effects, and furnishing new empirical evidence for advancing the con-
struction of a nationwide integrated ecological community. In addition, the study under-
takes an in-depth multi-dimensional analysis of effect heterogeneity, considering factors 
including regional resource endowments, environmental regulation intensity, and com-
puting power hub clustering. The results indicate that the environmental performance 
improvement effect of ICCs is more pronounced in non-resource-based cities, regions 
with stringent environmental regulations, and western Chinese cities. These nuanced 
findings can assist policymakers in circumventing the policy pitfalls of blind ICC deploy-
ment or one-size-fits-all planning, while providing robust academic underpinnings and 
practical guidance for optimizing the nationwide layout of ICCs and deeply integrating 
them into regional green development strategic frameworks. 

2. Literature Review 
To precisely delineate research gaps and underscore the academic contributions of 

this study, this section reviews relevant literature around three interrelated thematic clus-
ters: urban environmental performance, the environmental impacts of digital infrastruc-
ture, and the spatial spillover effects of digital technology in environmental governance. 
The specific review rationale is structured as follows: 

2.1. Measurement and Influencing Factors of Urban Environmental Performance 

Accurately understanding and measuring urban environmental performance is a 
fundamental prerequisite for evaluating the environmental effects of various policies. By 
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definition, urban environmental performance refers to the comprehensive outcomes gen-
erated by a city in the process of managing and regulating natural resource consumption, 
pollution emissions, and ecological impacts amid its economic activities. Unlike single-
dimensional pollutant control, urban environmental performance is a multi-faceted con-
cept that integrates resource utilization efficiency, ecological system health, and environ-
mental governance capacity [8,9]. 

Improving urban environmental performance is directly linked to residents’ quality 
of life and public health security, and it also has a profound impact on the long-term com-
petitiveness and sustainable development potential of regional economies. On the one 
hand, superior environmental performance can stimulate urban development: it helps re-
duce public health expenditures by mitigating environmental health risks, enhances the 
attractiveness of high-quality human capital through a healthy ecological environment, 
and facilitates the acquisition of green investment resources to drive low-carbon industrial 
development [10]. On the other hand, environmental degradation may trigger a series of 
negative constraints, including escalating ecological restoration costs, resource supply 
bottlenecks, and policy uncertainties, all of which can significantly limit economic growth 
and destabilize social operations [11]. Against this backdrop, the scientific evaluation and 
continuous optimization of urban environmental performance have become central to 
achieving the coordinated development of the social economy and ecological environ-
ment, and are essential pathways to resolving the trade-off between economic growth and 
environmental protection. 

In terms of measurement methods, relevant research has evolved from single-indica-
tor assessments to more comprehensive evaluation frameworks. Early studies primarily 
used standalone metrics to gauge environmental pressure, such as the discharge volumes 
of industrial wastewater, waste gas, and solid waste—collectively referred to as industrial 
“three wastes”—as well as carbon emission intensity. While these approaches are straight-
forward and intuitive, they fail to fully capture the multi-dimensional nature of urban 
environmental governance efforts. As the paradigm of sustainable development has pro-
gressed, scholars have developed more holistic evaluation systems, which primarily in-
clude three main methodologies: the Meta-frontier Malmquist–Luenberger index model, 
which incorporates undesirable outputs and has been applied to dynamically evaluate the 
environmental performance of Chinese cities by grouping them according to energy in-
tensity levels, thereby quantifying the synergy between economic growth and environ-
mental protection [12]; remote sensing and geographic information system technologies, 
which are used to extract key ecological indicators (e.g., greenness, wetness, dryness, and 
heat) and construct the Remote Sensing Ecological Index, allowing for rapid and objective 
large-scale ecological quality assessments [13]; and some studies that directly align their 
indicator systems with the United Nations Sustainable Development Goals, ensuring con-
sistency with global sustainability benchmarks [14]. 

Building on these methodological advances, this study develops a comprehensive 
evaluation system for urban environmental performance spanning seven dimensions, in-
cluding environmental facility construction, resource utilization efficiency, urban green-
ing levels, waste treatment capacity, and pollutant discharge control. The entropy weight 
method is adopted for objective weight assignment, providing a rigorous scientific foun-
dation for accurately evaluating the environmental impacts of ICCs. 

Regarding influencing factors, the academic community has identified several critical 
drivers of urban environmental performance from diverse perspectives: the economic de-
velopment stage, as the Environmental Kuznets Curve hypothesis posits an inverted U-
shaped relationship between economic growth and environmental quality, with environ-
mental performance initially declining and then improving as the economy develops. Em-
pirical studies have confirmed this relationship in the context of Chinese cities [15,16]; the 
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characteristics of industrial structure, where the share of high-energy-consuming indus-
tries and the development level of the tertiary sector are key determinants of environmen-
tal performance. Specifically, the upgrading of industrial structures towards low-carbon-
ization is conducive to reducing pollutant emissions [17,18]; technological progress, 
where green technological innovation serves as a core driver, enabling pollution reduction 
at the source and improving resource utilization efficiency [19,20]; and environmental reg-
ulation intensity, where stringent environmental regulations can incentivize enterprises 
to adopt cleaner production technologies, thus facilitating improvements in urban envi-
ronmental performance [21,22]. However, the existing literature rarely explores explicit 
linkages between digital infrastructure, particularly ICCs, and these influencing factors. 
Moreover, there is a notable lack of in-depth analysis on whether digital technologies can 
shape urban environmental performance via these pathways. 

2.2. The Environmental Impacts of Digital Infrastructure: A Focus on ICCs 

As a key component of new-type digital infrastructure, the economic and social ef-
fects of ICCs have garnered widespread attention in the academic community. However, 
research on their environmental effects remains in its early stages. 

From an international perspective, existing studies primarily focus on the economic 
benefits of AI and computing infrastructure. For instance, an empirical analysis based on 
data from several Asian countries found that AI technology positively impacts GDP [23]. 
Another study confirmed that AI contributes to economic growth by improving produc-
tion efficiency, optimizing resource allocation, and fostering innovative business models, 
such as personalized customization and intelligent supply chain management [24]. In the 
realm of environmental-related research, a small number of studies have explored the 
emission reduction potential of the digital economy and AI. However, most of these stud-
ies remain at the macro level and lack in-depth analysis of specific infrastructure entities 
[6,7]. 

In the domestic research landscape, micro-level enterprise-based evidence has pre-
liminarily unpacked the mechanisms through which information technology elevate pro-
duction efficiency. As a flagship category of computing infrastructure, information tech-
nology underpins enterprise digital transformation by catalyzing the iteration of innova-
tive production paradigms and industrial organization models [25]. At the macro urban 
scale, scholarly inquiries have further extended the analytical boundary of ICC impacts, 
anchoring such investigations in the theoretical framework of new-quality productive 
forces. On the one hand, ICCs function as a core carrier of new-quality productive forces, 
where their high-performance computing capabilities optimize resource allocation effi-
ciency and mitigate the environmental externalities incurred by conventional production 
methods. On the other hand, the green operation practices of ICCs—encompassing green 
electricity procurement, liquid cooling technology deployment, and waste heat recovery 
systems—epitomize the low-carbon orientation inherent in new-quality productive 
forces, thereby directly curbing the direct carbon footprint of digital infrastructure. By 
clarifying this hierarchical relationship—that is, ICCs constitute a key component of new-
quality productive forces, and their environmental benefits represent a tangible manifes-
tation of how new-quality productive forces drive green development—prior studies 
have empirically validated that digital infrastructure acts as a catalyst for new-quality 
productive forces, with its impacts channeled through three pathways: advancing tech-
nological innovation, enhancing factor allocation efficiency, and facilitating industrial 
structure upgrading [4]. Complementing this line of inquiry, another body of research has 
demonstrated that new-generation digital infrastructure can boost eco-total factor 
productivity, solidifying its role as a pivotal engine propelling the high-quality develop-
ment of the digital economy [5]. 
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In practice, the potential of ICCs to enhance urban environmental performance has 
already been demonstrated in a variety of scenarios. In environmental monitoring, the 
ICC deployed in Guiyang integrates heterogeneous multi-source datasets—including sat-
ellite remote sensing imagery, ground-based monitoring station data, and enterprise pol-
lution emission reports—to develop a real-time air quality prediction model with an ac-
curacy rate exceeding 90%. This model enables precise source apportionment of PM2.5 pol-
lution, providing actionable insights for targeted environmental governance. In energy 
optimization, the ICC in Qinghai has developed a unified scheduling platform for inte-
grated wind, solar, and hydropower systems, increasing the grid absorption rate of clean 
energy by 15 percentage points, thereby reducing the carbon footprint associated with 
energy consumption. In industrial pollution control, a chemical manufacturing enterprise 
in Yunnan utilized high-performance computing to optimize its production reaction ki-
netics and process parameters, achieving a 20% reduction in pollutant emissions while 
simultaneously improving production efficiency. 

Despite these pioneering applications, these initiatives remain fragmented and lack 
systematic empirical validation and theoretical generalization. Critical gaps persist in un-
derstanding both the internal transmission mechanisms through which ICCs exert envi-
ronmental effects and the spatial–temporal scope of these impacts. This highlights the ur-
gent need for rigorous academic research to formalize these preliminary practical insights 
and extend them into a coherent theoretical framework. 

2.3. Research Gaps Related to Spatial Spillover Effects 

Against the backdrop of China’s “Eastern Data and Western Computing” national 
strategy, ICCs exhibit a distinctive cross-regional spatial layout, which inherently implies 
that their environmental impacts may be spatially correlated. However, existing studies 
display notable limitations in addressing this critical dimension, as detailed below. 

First, research on the spatial spillover effects of ICCs’ environmental impacts remains 
scarce. Most studies on digital infrastructure primarily emphasize local effects, largely 
overlooking the cross-regional diffusion of technology, knowledge spillovers, and indus-
trial linkage effects induced by ICC deployment [4,5]. Although a limited body of litera-
ture has examined the spatial spillover effects of the digital economy on economic growth 
[26,27], few studies have extended this analytical framework to the environmental do-
main. In particular, there is still a lack of systematic identification and mechanism-based 
analysis of how ICCs generate spatial spillover effects on urban environmental perfor-
mance. 

Second, the choice of analytical units constrains the accurate identification of spatial 
heterogeneity. Existing studies predominantly adopt either a macro provincial perspec-
tive or a micro enterprise-level perspective. Provincial-level analyses are prone to aggre-
gation bias and thus fail to capture intra-provincial heterogeneity in the spatial distribu-
tion of ICCs across cities, while enterprise-level data are inherently localized and unable 
to reflect cross-regional interactions [4,5]. As the primary units of policy implementation 
and environmental governance, prefecture-level cities have rarely been employed as ana-
lytical units, which has limited the in-depth examination of ICC-related spatial spillover 
effects. 

Third, there is insufficient empirical validation of the mediating mechanisms under-
lying spatial effects. Although some studies have explored the mediating roles of green 
innovation and industrial structure upgrading in the relationship between digital technol-
ogies and environmental performance [17,28], they have not explicitly linked these mech-
anisms to ICC development, nor have they examined whether such mediating effects ex-
hibit spatial characteristics, such as cross-regional technology diffusion or inter-city in-
dustrial coordination. 
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In summary, although existing research has established a preliminary understanding 
of the relationship between digital infrastructure and environmental performance, sub-
stantial gaps remain in three aspects: the environmental effects of ICCs particularly their 
spatial spillover effects, the selection of appropriate analytical units, and the empirical 
testing of mediating mechanisms. To address these gaps, this study adopts prefecture-
level cities as the unit of analysis, constructs multi-period DID and spatial Durbin models, 
and systematically examines the direct effects, mediating mechanisms, and spatial spillo-
ver effects of ICC construction on urban environmental performance. 

3. Theoretical Foundations and Action Mechanisms 
Drawing on the aforementioned literature review and theoretical deductions, this 

study formulates a set of research hypotheses from four interconnected dimensions: the 
direct effect, mediating mechanisms (encompassing green innovation and industrial 
structure upgrading), and spatial spillover effect of ICCs. 

3.1. The Impact of Intelligent Computing Center Establishment on the Environmental Perfor-
mance of Prefecture-Level Cities 

Based on externality theory and cost–benefit theory, the environmental governance 
effects of ICCs—a pivotal form of computing infrastructure in the digital economy era—
can be explicated through two interrelated dimensions, namely externality internalization 
and governance cost optimization [29,30]. From the perspective of externality theory, tra-
ditional environmental governance is plagued by the dilemma of inefficient internaliza-
tion of pollution-induced negative externalities [31]. In contrast, the integration of artifi-
cial intelligence, the Internet of Things, and blockchain technologies facilitates the deploy-
ment of high-precision monitoring techniques and intelligent algorithms, which in turn 
convert spatiotemporal pollution emission data into quantifiable and traceable digital in-
formation [32]. This technological advancement lays a robust technical foundation for 
market-oriented environmental governance tools such as environmental taxes and emis-
sion rights trading, thereby enabling the rational pricing and effective internalization of 
environmental pollution externalities. 

Beyond facilitating externality internalization, ICCs directly drive environmental 
governance enhancement through their high-performance computing capabilities, which 
are well suited for application in refined governance scenarios such as real-time environ-
mental monitoring, pollution diffusion simulation, and energy scheduling optimization. 
For instance, by running atmospheric chemical transport models, ICCs can perform real-
time simulation and tracking of the cross-regional transmission paths of typical pollutants 
such as PM2.5 and ozone, accurately identify key pollution sources, and provide targeted 
decision support for haze mitigation initiatives. This approach not only markedly elevates 
the precision of environmental supervision but also consolidates the scientific underpin-
nings of governance decisions, thereby directly improving urban resource utilization effi-
ciency and pollution abatement capacity [33,34]. 

From the perspective of cost–benefit theory, ICCs further optimize environmental 
governance outcomes by substantially cutting the full-cycle costs of governance practices 
[35,36]. On the one hand, their real-time sensing and intelligent early warning functions 
drastically reduce the labor and time costs associated with manual environmental super-
vision. On the other hand, relying on data-driven simulation and scenario deduction, 
ICCs optimize the layout of pollution control facilities and refine policy implementation 
pathways [37], thus effectively curbing resource waste stemming from inefficient invest-
ment and erroneous decision-making [38]. Meanwhile, the precision governance empow-
ered by ICCs boosts enterprises’ expectations of compliance benefits, incentivizing them 
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to proactively adopt clean production technologies and achieve the synergy of environ-
mental and economic gains [39]. Collectively, through the dual mechanisms of externality 
internalization and governance cost–benefit structure optimization, ICCs reshape the in-
centive framework and implementation pathways of urban environmental governance, 
ultimately driving systematic improvements in urban environmental performance. 

Based on this, this study proposes Hypothesis H1: The establishment of ICCs exerts 
a direct and positive impact on the environmental performance of their host cities. 

3.2. ICCs Indirectly Drive the Improvement of Urban Environmental Performance by Promoting 
Green Technological Innovation 

Drawing on technological innovation theory, green innovation serves as the funda-
mental driver for addressing resource and environmental constraints and advancing sus-
tainable development [19]. However, green technology R&D is typically characterized by 
high capital intensity, long gestation periods, and elevated risk profiles [40], which pose 
significant barriers to its advancement. By furnishing inclusive high-performance compu-
ting power, ICCs substantially lower the entry barriers for green innovation, laying a solid 
foundation for its widespread development. 

In the R&D phase, ICC-supported technologies—such as molecular simulation and 
AI-enabled material screening—can shorten the R&D cycle of new materials and catalysts 
from several years to merely months. For instance, in the development of new energy 
battery materials, researchers leverage ICC computing power to conduct high-throughput 
simulated screening of thousands of electrode material combinations, thereby rapidly 
identifying optimal solutions [41]. This not only drastically enhances R&D efficiency 
[42,43] but also mitigates the uncertainty and resource waste associated with traditional 
trial-and-error approaches. In the subsequent technology diffusion phase, open innova-
tion platforms built on ICCs facilitate the seamless flow and sharing of green technological 
knowledge across diverse innovation entities, generating significant knowledge spillover 
effects. This “computing-power-driven innovation” paradigm not only accelerates the 
output of green patents [44] but also expedites the translation of green technologies from 
laboratory research to industrial application, thereby providing sustained technological 
underpinnings for source-oriented pollution reduction and energy efficiency improve-
ment. 

Furthermore, as public platforms for green technology R&D, ICCs markedly reduce 
the entry barriers for research in environmental simulation and clean technology devel-
opment. By facilitating green knowledge spillovers and technological innovation, ICCs 
drive a paradigmatic shift in environmental governance, from end-of-pipe treatment to 
source prevention. For example, in the AI domain, ICCs are employed to train more so-
phisticated energy consumption prediction models and intelligent waste sorting models, 
spawning the emerging “environmental AI” paradigm and propelling the intelligent up-
grading of the environmental protection industry itself. 

Collectively, by acting as a critical “accelerator” for green technological innovation, 
ICCs exert an indirect yet substantial positive effect on urban environmental performance. 

Based on this, this study proposes Hypothesis H2: ICCs indirectly improve urban 
environmental performance by promoting green technological innovation. 

3.3. Intelligent Computing Centres Indirectly Drive the Development of Urban Environmental 
Performance by Promoting Industrial Structure Upgrading 

According to the Environmental Kuznets Curve (EKC) hypothesis [42], industrial 
structure upgrading is the key to achieving ʺdecouplingʺ between economic growth and 
environmental pollution [43]. As a general-purpose technology, intelligent computing 
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centres drive the transformation of industrial structures toward greening and upgrading 
through two mechanisms. 

On one hand, they promote the optimization of existing industries by enabling the 
green transformation of traditional industries [44]. In the manufacturing sector, industrial 
Internet platforms supported by intelligent computing centres can conduct refined man-
agement of energy and material consumption throughout the production process, achiev-
ing energy conservation and consumption reduction [45]; in the energy sector, smart grids 
rely on computing power and algorithms to achieve efficient absorption and scheduling 
of renewable energe. On the other hand, they enhance the quality of new industries by 
fostering green emerging industries. Intelligent computing centres directly spawn new 
business formats such as environmental big data services, carbon management SaaS plat-
forms, and smart water services—industries that inherently feature low pollution and 
high added value [25]. 

It is worth noting that intelligent computing centres are not isolated technical entities 
but regional innovation hubs that attract and connect governments, enterprises, universi-
ties, and research institutes. They reduce transaction costs for previously isolated enter-
prises in searching for green technology partners and verifying technical feasibility, 
greatly promoting cross-organizational knowledge integration and collaborative innova-
tion. This dynamic inter-organizational collaboration accelerates the penetration and ap-
plication of green technology solutions along industrial chains, fosters the formation of 
green-oriented industrial innovation clusters and ecosystems, and fundamentally drives 
industrial structures toward high-end and green development [24,25]. 

This industrial structure transformation, characterized by ʺreducing outdated capac-
ity and increasing new green capacity,ʺ significantly reduces the resource and environ-
mental costs of unit economic output, fundamentally improving urban environmental 
performance from a structural perspective. Therefore, by acting as a ʺcatalystʺ for indus-
trial structure upgrading, intelligent computing centres lay a solid industrial foundation 
for the improvement of environmental performance. 

Based on this, this study proposes Hypothesis H3: Intelligent computing centres in-
directly improve urban environmental performance by promoting industrial structure up-
grading. 

3.4. Spatial Spillover Effects of Intelligent Computing Center Establishment on the Development 
of Environmental Benefits of Prefecture-Level Cities 

Spatial economics theory emphasizes that economic activities are unevenly distrib-
uted across space, and that the mobility of factors such as technology and knowledge 
transcends administrative boundaries, thereby generating spatial externalities [26]. In this 
context, the environmental impacts of ICCs exhibit a pronounced spatial dimension, 
which is primarily manifested through three interrelated mechanisms. First, the technol-
ogy demonstration and imitation effect. Advanced environmental governance algorithms, 
models, and application scenarios developed by early adopters of ICCs, such as the real-
time air quality prediction model in Guiyang and the integrated energy scheduling plat-
form in Qinghai, can diffuse to neighboring cities through academic exchanges, personnel 
mobility, and experience sharing. This diffusion reduces the trial-and-error costs of envi-
ronmental governance in surrounding regions and accelerates the adoption and diffusion 
of green digital technologies [27]. Second, the industrial linkage and spillover effect. As 
core cities achieve ICC-driven industrial upgrading, they extend their industrial chains 
upstream to green suppliers and downstream to green service providers, thereby promot-
ing the green transformation of related industries in neighboring cities. At the same time, 
the shared allocation of computing resources helps avoid redundant investment in en-
ergy-intensive projects across regions, contributing to a reduction in aggregate regional 
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pollution emissions [46]. Third, the spatial sharing effect of computing resources. Under 
national initiatives such as the “Eastern Data and Western Computing” strategy, ICCs 
located in western hub cities can directly provide green computing services to eastern 
demand-side cities. This optimized spatial allocation of computing resources enables the 
cross-regional transmission of environmental benefits [47]. 

From an extended theoretical perspective, the environmental governance dividends 
generated by ICCs are not confined to their host cities. Instead, facilitated by geographic 
proximity, inter-regional economic networks, and factor mobility, the technological ad-
vances, governance experience, and green industrial clusters associated with ICC devel-
opment generate knowledge spillovers, technology diffusion, and cross-regional indus-
trial collaboration in adjacent areas. Through this transmission process, ICCs exert posi-
tive spatial spillover effects on the environmental performance of neighboring regions, 
thereby providing both theoretical support and practical impetus for the construction of 
a regional collaborative environmental governance framework. At the same time, the re-
mote scheduling and collaborative sharing of computing resources enabled by ICCs help 
alleviate inter-regional disparities in digital infrastructure, which in turn supports the for-
mation of a coordinated cross-regional development pattern characterized by comple-
mentary computing advantages and more balanced environmental governance capacities 
[29]. 

These three mechanisms operate synergistically, enabling the environmental impacts 
of ICCs to transcend local administrative boundaries and construct a regional network for 
coordinated environmental governance, thereby expanding the spatial scope of ICCs’ en-
vironmental governance effects. 

Accordingly, this study proposes Hypothesis H4: The promoting effect of ICCs on 
urban environmental performance exhibits positive spatial spillover effects, which can 
benefit neighboring cities. 

4. Sample Selection and Data Sources 
4.1. Sample Selection, Data Sources, and Data Preprocessing 

With the successive introduction of policy initiatives in the field of urban environ-
mental governance, the “green orientation” of China’s urban development has become 
increasingly prominent. Considering the research objectives and data availability, this 
study uses data from prefecture-level and above cities in China spanning 14 years from 
2010 to 2023, covering a sample of 292 cities. The original data are mainly sourced from 
statistical materials such as the China Construction Statistical Yearbook and the China 
City Statistical Yearbook. For individual missing values, linear interpolation is adopted to 
supplement the data in this study. The spatial weight matrix is calculated based on the 
administrative division vector boundary data provided by the National Geomatics Center 
of China. 

4.2. Variable Selection and Explanation 

(1) To measure urban environmental performance, this study primarily draws on the 
evaluation frameworks proposed by Liu et al. [48], Zhang et al. [49], and Cui [50] to con-
struct a comprehensive index system. This system encompasses 22 specific indicators 
across seven dimensions, with detailed information presented in Table 1. The entropy 
weight method, which calculates indicator weights based on the intrinsic variability and 
characteristics of data, offers distinct advantages: it not only mitigates biases in weight 
assignment arising from subjective human factors but also ensures that each indicator re-
ceives a more rational weight in the comprehensive evaluation process. Consequently, 
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this study adopts the entropy weight method for objective weight assignment to deter-
mine the weight of each indicator, and further computes the urban environmental perfor-
mance of the research samples. To enhance the readability of regression results and avoid 
excessively small coefficient values, the urban environmental performance index derived 
from the entropy weight method is multiplied by 10 for subsequent empirical analysis. 

Table 1. Evaluation indicator system for urban environmental performance. 

Dimension Component Indicator Sub-Indicator Measurement Method Direction 

Urban Environ-
mental Perfor-

mance 

Level of Environmen-
tal Infrastructure 

Construction 

Investment in Fixed As-
sets for Public Utilities 

The total investment in water supply, gas, 
central heating, rail transit, roads and 

bridges, drainage, flood control, landscap-
ing, and urban sanitation. 

+ 

Length of Water Supply 
Pipelines 

Length of Urban Water Supply Pipelines 
(km) 

+ 

Length of Sewer Pipe-
lines 

Length of Urban Drainage Pipelines (km) + 

Road Area per Capita 
Urban Road Area (square meters)/Average 

Annual Population (persons) + 

Level of Resource Uti-
lization 

Liquefied Petroleum 
Gas Storage Capacity 

Liquefied Petroleum Gas (LPG) Storage 
Capacity (tons) + 

Level of Coal Gas Utili-
zation 

Coal Gas Using Population/Average An-
nual Population - 

Comprehensive Water 
Production Capacity 

Daily Water Production Capacity (10,000 
m3/day) + 

Recycled Water Pro-
duction Capacity 

Daily Recycled Water Production Capacity 
(10,000 m3/day) + 

Structure of Environ-
mental Protection Per-

sonnel 

Environmental and 
Public Facility Manage-

ment Personnel 

Employment in Water Conservancy, Envi-
ronment and Public Facilities Management 

(10,000 persons) 
+ 

Energy Supply Person-
nel 

Employment in Production and Supply of 
Electricity, Gas and Water (10,000 persons) + 

Urban Greening 

Per Capita Public Green
Space Area 

Urban Park Green Area (square me-
ters)/Average Annual Population (persons) + 

Per Capita Green Space 
Area 

Green Space Area (square meters)/Average 
Annual Population (persons) + 

Per Capita Greening 
Area in Built-up Areas 

Urban Greening Area (square meters)/Av-
erage Annual Population (persons) + 

Level of Environmen-
tal Resource Alloca-

tion 

Market-based Alloca-
tion of Environmental 

Resources 

Carbon Trading, Energy Use Rights Trad-
ing, and Pollution Discharge Rights Trad-

ing (Billion Yuan) 
+ 

Carbon Emissions 
Urban Carbon Emissions (Million 

Tons)/Average Annual Population (per-
sons) 

- 

Waste Treatment Ca-
pacity 

Level of Mechanized 
Sweeping 

Mechanized Sweeping Area (square me-
ters) + 

Sludge Treatment Ca-
pacity 

Daily Sludge Treatment Capacity 
(tons/day) + 

Wastewater Treatment 
Capacity 

Daily Wastewater Treatment Capacity 
(10,000 m3/day) + 

Municipal Solid Waste 
Treatment Capacity 

Daily Non-hazardous Waste Treatment 
Capacity (tons/day) + 
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Pollutant Emissions 

Industrial Wastewater 
Discharge 

Industrial Wastewater Discharge Volume 
(tons) 

- 

Industrial Sulfur Diox-
ide (SO2) Emissions 

Industrial Sulfur Dioxide (SO2) Emissions 
(tons) - 

Industrial Soot and 
Dust Emissions Industrial Soot and Dust Emissions (tons) - 

(2) Independent Variable: Completion Status of ICCs (did). This study used the in-
teraction term of the experimental group dummy variable (Treat) and the time dummy 
variable (Post) as the variable for “Completion Status of ICCs”. For prefecture-level city i, 
if it has completed the construction of an intelligent computing center and put it into op-
eration in year t, the variable takes a value of 1 for year t and subsequent years; otherwise, 
it takes a value of 0. This variable is manually compiled based on the completion status of 
ICCs, which is recorded in the Monthly Report on Computing Power Center Construction 
and official government reports of various cities. 

(3) Control Variables: Based on a systematic review of existing literature, this study 
incorporates six categories of control variables to mitigate potential endogeneity issues 
and improve the robustness of empirical results, with detailed information presented in 
Table 2. The specific definitions and measurement methods are as follows: ① Economic 
development level (Ggdp), measured by the natural logarithm of urban per capita gross 
domestic product (GDP); ② population density (Pop), calculated as the ratio of the total 
urban population to the administrative land area; ③ human capital stock (Hum), proxied 
by the average number of on-the-job employees; ④ financial development level (Fin), 
measured by the ratio of the year-end balance of various loans of financial institutions to 
GDP; ⑤ infrastructure investment intensity (Fix), represented by the ratio of the fixed 
asset investment scale to GDP; and ⑥ foreign capital dependence (FDI), quantified as the 
ratio of the actually utilized foreign capital in the current year to GDP. 

Table 2. Variable measurement and description. 

Variable Variable Name Variable Symbol Variable Measurement 

Dependent Variable 
Environmental Perfor-
mance Env 

Urban Environmental Performance Calculated 
by the Entropy Method 

Independent Varia-
ble 

Intelligent Computing Cen-
tres did 

Equals 1 if the city had an ICC in that year, and 
0 otherwise 

Control Variables 

Level of Economic Devel-
opment Ggdp 

Natural Logarithm of the Per Capita GDP of the 
City in the Current Year 

Population Density Pop 
Ratio of Total Urban Population to Administra-
tive Land Area 

Level of Human Capital 
Stock Hum Average Number of Employed Workers (100 

million persons) 
Level of Financial Develop-
ment Fin Ratio of Total Loans of Financial Institutions at 

Year-End to GDP 
Infrastructure Investment 
Intensity Fix Ratio of Fixed Asset Investment Scale to GDP 

Foreign capital dependence FDI Ratio of foreign capital utilized in the current 
year to GDP 

The descriptive statistics of each variable are presented in Table 3.Due to differences 
in data sources and indicator selection, this study may have limitations in fully reflecting 
the impact of ICCs on the environmental performance of various cities. For instance, the 
data of this study are mainly sourced from official statistical yearbooks, which may fail to 
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capture the application of ICCs in emerging enterprises. In addition, the data used in this 
study still have certain limitations: the research time span is from 2010 to 2023. Since the 
large-scale development of China’s computing power began after 2022, among the 48 pre-
fecture-level cities in the treatment group, 17 had ICCs built only after 2023. This subset 
of samples cannot fully demonstrate long-term trends and dynamic changes. Given the 
rapid development of the contemporary digital economy and the dynamic evolution of 
relevant data, the panel data adopted in this study may not promptly reflect the latest 
development trends. Future research could attempt to follow up continuously, integrate 
more industry-level data, and further optimize the indicator system to more comprehen-
sively reflect the role of ICCs in improving urban environmental performance. At the 
same time, it is advisable to consider extending the research time span to enhance the 
robustness of the conclusions. 

Table 3. Descriptive statistics of variables. 

VarName Obs Mean SD Min Max 
Env 4088 0.592 0.820 0.076 7.641 
did 4088 0.044 0.206 0.000 1.000 

Ggdp 4088 10.764 0.599 9.366 13.056 
Pop 4088 0.828 1.946 0.001 20.286 

Hum 4088 0.006 0.051 0.001 3.214 
Fin 4088 1.022 0.683 0.279 12.817 
Fix 4088 0.563 0.447 0.001 2.197 
FDI 4088 0.018 0.048 0.000 2.630 

5. Model 
5.1. Calculation of Environmental Performance Weights 

The raw data used to calculate urban environmental performance were subjected to 
normalization processing, with the specific operations as follows. 

Positive Indicator: 𝑋௜௝ᇱ = 𝑋௜௝ − 𝑋୫୧୬𝑋୫ୟ୶ − 𝑋୫୧୬ (1)

Negative Indicator: 𝑋௜௝ᇱ = 𝑋୫ୟ୶ − 𝑋௜௝𝑋୫ୟ୶ − 𝑋୫୧୬ (2)

where 𝑖 is the evaluation index, 𝑗 is the evaluation year, 𝑋௜௝ᇱ  denotes the original indica-
tor value, and 𝑋௜௝ᇱ  represents the standardized value. The contribution degree of this in-
dicator to Index 𝑖 in the 𝑗-th year is calculated using the following formula: 𝑝௜௝ = 𝑋௜௝∑ 𝑋௜௝௡௜ୀଵ  (3)

The entropy value of the j-th indicator is calculated as follows: 𝑒௝ = −∑ 𝑝௜௝௡௜ୀଵ ln𝑝௜௝ln(𝑛)  (4)

where 𝑛 is the product of the number of indicators and the number of cities. 
The coefficient of variation for the j-th indicator is calculated as follows: 𝑔௝ = 1− 𝑒௝ 
The weight of the j-th indicator is calculated as follows: 𝒲௝ = 𝑔௝∑ 𝑔௝௡௝ୀଵ  (5)
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The calculation method for urban environmental performance is as follows: 𝑒𝑛𝑣௜௧ = ∑ 𝒲௝ × 𝑋௜௝ᇱ௡௝ୀଵ   (6)

5.2. DID Model 

Given the inconsistent timing of intelligent computing center establishment across 
prefecture-level cities, this study employs a multi-period DID model for analysis, with the 
model specification as follows: 𝑒𝑛𝑣௜௧ = 𝛼଴ + 𝛼ଵ𝑑𝑖𝑑௜௧ + 𝛼ଶ𝑍௜௧ + 𝜇௜ + 𝑉௧ + 𝜀௜௧ (7)

Here, the subscripts 𝑖 and 𝑡 denote city and year, respectively. The dependent var-
iable 𝑒𝑛𝑣௜௧ represents the annual environmental performance of the prefecture-level city, 
while 𝑑𝑖𝑑௜௧ indicates the establishment status of ICCs. 𝑍௜௧ stands for control variables. 𝜇௜ and 𝜈௧ denote city fixed effects and time fixed effects, respectively. 𝜀௜௧ refers to the 
random error term. In the model, α1 represents the average policy effect of intelligent com-
puting center establishment. 

5.3. Mechanism Effect Model 

Based on the hypotheses established earlier, the establishment of ICCs can improve 
urban environmental performance by promoting green innovation and industrial struc-
ture upgrading (Hypotheses H2 and H3). This study uses linear regression equations to 
explore whether the establishment of ICCs may drive the development environmental 
performance by facilitating green innovation and industrial structure upgrading. The 
mechanism effect model is specified as follows: 𝑇𝑒𝑐ℎ௜௧ = 𝛽଴ + 𝛽ଵ𝑑𝑖𝑑௜௧ + 𝛽ଶ𝑍௜௧ + 𝜇௜ + 𝑉௧ + 𝜖௜௧ (8)𝐼𝑆𝑈௜௧ = 𝛾଴ + 𝛾ଵ𝑑𝑖𝑑௜௧ + 𝛾ଶ𝑍௜௧ + 𝜇௜ + 𝑉௧ + 𝜖௜௧ (9)

5.4. Spatial Econometric Model 

To test Hypothesis H4 (ICCs exhibit a positive spatial spillover effect on urban envi-
ronmental performance), this study employs the following spatial spillover model: 𝑒𝑛𝑣௜௧ = 𝛼଴ + 𝜌𝑊𝑒𝑛𝑣௜௧ + 𝛽ଵ𝑑𝑖𝑑௜௧ + 𝛽ଶ𝑊𝑑𝑖𝑑௜௧ + 𝛽ଷ𝑍௜௧ + 𝛽ସ𝑊𝑍௜௧ + 𝜇௜ + 𝜈௧ + 𝜀௜௧ (10)

In this model, the variable 𝜌 represents the spatial autoregressive coefficient, and 𝑊 
denotes the spatial weight matrix, with the definitions of other variables remaining con-
sistent with those mentioned earlier. This study adopts a standardized geographic dis-
tance matrix as the spatial weight matrix. The geographic distance matrix provides a pre-
cise method for quantifying the spatial spillover effect of intelligent computing center es-
tablishment on urban environmental performance. This study uses the following eco-
nomic distance calculation formula: 

𝑊 = ቐ 1𝑑𝑖𝑗 , 𝑖 ≠ 𝑗,0, 𝑖 = 𝑗  (11)

Additionally, the calculation formula of the economic geography nested matrix is 
expressed as follows: 

𝑤௔ = ቐ 1𝑑𝑖𝑗 × 𝑔𝑑𝑝𝑖𝑗 , 𝑖 ≠ 𝑗0, 𝑖 = 𝑗  (12)
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Among these variables, 𝑑௜௝ represents the geographic distance between prefecture-
level city 𝑖  and prefecture-level city 𝑗 ; 𝑔𝑑𝑝௜௝  represents the geographic distance be-
tween prefecture-level city 𝑖 and prefecture-level city 𝑗. 
6. Empirical Results 
6.1. Benchmark Regression Analysis 

This study employs a two-way fixed effects model for baseline regression, with the 
regression results presented in Table 4. Column (1) reports the regression results without 
including control variables, while Column (2) incorporates the aforementioned city-level 
control variables. The results indicate that the regression coefficient of the core explana-
tory variable—”intelligent computing center establishment status”—on the dependent 
variable “urban environmental performance” is significantly positive. After incorporating 
the control variables, the coefficient estimate slightly fluctuates from 0.242 to 0.230, and 
remains statistically significant at the 1% level. This finding confirms that the establish-
ment of ICCs exerts a significant positive impact on the improvement of urban environ-
mental performance, thereby verifying Hypothesis 1 proposed in this study. 

Table 4. Benchmark regression results. 

Variable 
Env 
(1) 

Env 
(2) 

did 
0.242 *** 0.230 *** 
(0.072) (0.071) 

Ggdp  
0.063 *** 
(0.019) 

Pop  
−0.008 *** 

(0.003) 

Hum  
0.096 *** 
(0.017) 

Fin  0.030 ** 
(0.014) 

Fix  0.004 
(0.022) 

FDI  0.087 ** 
(0.036) 

Control Variables No Yes 
Year FE Yes Yes 
City FE Yes Yes 

Observations 4088 4088 
R2 0.125 0.143 

Adjusted R2 0.122 0.139 
Note: Robust standard errors in parentheses. ** p < 0.05, *** p < 0.01. 

Beyond the core explanatory variable, the regression results also reveal heterogene-
ous impacts of control variables on urban environmental performance, which further val-
idate the reliability of the baseline model. Specifically, economic development level 
(Ggdp), human capital stock (Hum), financial development level (Fin), and foreign capital 
dependence (FDI) all exert significantly positive effects on environmental performance, 
while population density (Pop) demonstrates a significantly negative effect. In contrast, 
the impact of infrastructure investment intensity (Fix) is statistically insignificant. Overall, 
the estimated coefficients of the control variables are consistent with theoretical expecta-
tions and existing literature conclusions, which further enhances the credibility of the 
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baseline regression results. To further interpret the economic and theoretical implications 
of the control variable results, we analyze each variable as follows: The significantly pos-
itive coefficient of Ggdp suggests that the improvement of economic conditions provides 
solid material and technical support for environmental governance, thereby contributing 
to the enhancement of urban environmental quality [51,52]. The negative effect of Pop is 
attributable to the fact that population agglomeration intensifies demands for resources 
and energy, increases waste emissions, and exacerbates traffic congestion, ultimately im-
posing greater pressure on the urban ecological environment [53]. Human capital (Hum) 
can effectively improve the efficiency of environmental governance and drive the innova-
tion and application of green technologies by virtue of its knowledge and skill advantages, 
thereby promoting environmental performance improvement [54]. A well-developed fi-
nancial system (Fin) is capable of allocating more resources to green investment and tech-
nological upgrading, while providing strong financial support for the development of the 
energy industry, which in turn facilitates the improvement of environmental quality [55]. 
Although the impact of Fix is insignificant, theoretically, infrastructure construction in 
fields such as low-carbon transportation, renewable energy, and energy-efficient build-
ings can enhance urban environmental management capabilities and contribute to ecolog-
ical improvement [56,57]. Additionally, foreign capital may bring advanced clean produc-
tion technologies and efficient environmental management practices to the host region 
through technology spillover effects, thereby promoting the improvement of local envi-
ronmental performance [58]. 

6.2. Robustness Tests 

6.2.1. Parallel Trend Test 

This study uses a multi-period DID model to assess the impact of intelligent compu-
ting center establishment on urban environmental performance. However, the validity of 
this method relies on a prerequisite: the urban performance of samples in the treatment 
group and control group must follow the same trend before the policy implementation, 
i.e., satisfying the parallel trend assumption. To this end, this study constructs the follow-
ing econometric model based on the event study methodology to conduct the parallel 
trend test: 𝑒𝑛𝑣௜௧ = 𝛼଴ + ∑ 𝛼௭ଷ௭ஹିସ  𝑑𝑖𝑑௜௧ + ∑  ௡௜ୀଵ 𝛼௜ 𝑍௜௧ + 𝜇௜ + 𝜆௧ + 𝜀௜௧   (13)

Among these variables, did is a dummy variable indicating whether a sample city 
established an intelligent computing center in the current year. z < 0 represents the period 
before policy implementation, z = 0 denotes the current period of policy implementation, 
and z > 0 stands for the period after policy implementation. To avoid multicollinearity, the 
sample from the first pre-policy period is excluded. If the regression coefficient αz of did 
is insignificant when z < 0, the parallel trend assumption can be deemed satisfied. As 
shown in the test results in Figure 1, there is no significant difference in the changing 
trends between the treatment group and control group samples before the establishment 
of ICCs. The effect difference after policy implementation can be attributed to the policy 
itself, indicating that the parallel trend assumption is satisfied. After policy implementa-
tion, the policy not only exerts a significant positive impact on the outcome but also this 
impact continues to strengthen over time. 
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Figure 1. Results of the Parallel Trend Test. 

6.2.2. Placebo Test 

To further verify the robustness of the baseline regression results and rule out the 
possibility that the estimated effect is driven by random factors or unobservable con-
founding variables, this study adopts two placebo test methods for verification. The first 
placebo test employs the method of randomly generating the treatment group. The iden-
tifiers for “whether a sample belongs to the treatment group” (treat) are randomly per-
muted, and the timing of the policy shock is set randomly. Each city in the sample is ran-
domly selected as the treatment group for the placebo test, and the model test is re-con-
ducted. This process is repeated 1000 times, yielding a distribution chart of test coefficients 
and p-values (see Figure 2). 

 

Figure 2. Results of placebo test (1). 

The estimated coefficients of the counterfactual treatment group randomly generated 
in Figure 2 are all around zero, and both the two-tailed and right-tailed p-values are less 
than 1%, indicating that the average treatment effect is significant at the 1% level. The 
estimated treatment effect lies in the right tail of the placebo effect distribution and is an 
extreme value. Therefore, the effect of ICCs on urban environmental performance is a real 
causal impact, rather than a spurious result driven by random spatial factors. Next, an 
unconstrained mixed placebo test is conducted, using both pseudo-treatment units and 
pseudo-treatment times. Specifically, based on the earliest and latest establishment times 
of ICCs in the sample, pseudo-treatment times for each city are randomly drawn from a 
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uniform distribution within this interval. TWFE estimation is then performed, and this 
process is repeated 500 times to obtain the distribution of placebo effects. The results are 
as follows: Both the two-tailed p-value and left-tailed p-value are 0.000, so the null hypoth-
esis that “the treatment effect is zero” can be strongly rejected. Among the results, the 
estimated treatment effect (represented by the vertical solid line in Figure 3) lies at the far 
right of the placebo effect distribution, making it an unusually extreme value. 

 

Figure 3. Results of placebo test (2). 

6.2.3. Propensity Score Matching Double-Difference Model Estimation 

For the robustness test of baseline regression results using the Propensity Score 
Matching-DID model, radius matching is applied first, followed by DID estimation based 
on the matching results. Figure 4 presents the balance test results of radius matching: the 
left subfigure shows that all data biases after matching are controlled within 10%, while 
the right subfigure is a bar chart of the common support region. 

 
 

 
 

Figure 4. Propensity score matching DID model estimation. 
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group), as well as comparisons between prefecture-level cities that established ICCs ear-
lier (earlier-treated group) and those that had not yet established them (later-treated 
group). Obviously, the existence of the “Later T vs. Earlier C” (later-treated units as treat-
ment group vs. earlier-treated units as control group) scenario will lead to bias in the es-
timation of the staggered DID estimator. 

Therefore, this study adopts the Bacon decomposition method to test for heterogene-
ous treatment effects in the model, with the corresponding results reported in Table 5. It 
can be observed that the overall DID estimation result of this study is predominantly de-
rived from the comparison between the treatment group and the never-treated group, 
with a weight as high as 92%. By contrast, the weight of the comparison category that may 
induce estimation bias—namely, using units treated earlier as the control group—ac-
counts for merely 1.7%, exerting negligible interference on the overall estimation result. 
Based on the above analyses, this study concludes that the staggered DID estimation re-
sults employed herein are reliable. 

Table 5. Goodman-Bacon decomposition test results. 

Comparison Group Difference Weight Estimate 
Earlier T vs. Later C 0.052 0.017 
Later T vs. Earlier C 0.017 −0.036 
T vs. Never treated  0.920 0.026 

T vs. Already treated 0.011 0.037 

6.2.5. Endogeneity Issue 

To address potential endogeneity issues that may bias the baseline regression re-
sults—even after incorporating a series of control variables—this study conducts instru-
mental variable analysis, which constitutes a critical robustness check for the core find-
ings. The primary endogeneity concern stems from reverse causality: the relationship be-
tween ICCs and urban environmental performance is not unidirectional. Specifically, ur-
ban environmental performance is not merely a dependent variable affected by ICC de-
ployment; instead, cities with superior environmental performance typically possess 
stronger ecological carrying capacity and more favorable development conditions, which 
render them more inclined to prioritize ICC deployment. Additionally, unobserved city-
level heterogeneities (e.g., inherent institutional or geographical advantages) may simul-
taneously influence both the location selection and construction of ICCs and urban envi-
ronmental performance. Failure to adequately account for these unobservable factors 
could introduce estimation biases, undermining the credibility of the baseline conclusions. 

To mitigate the aforementioned endogeneity issues, this study selects the interaction 
term of “number of fixed-line telephones per 100 people in 1984” and “previous year’s 
national internet investment” as the instrumental variable for the core explanatory varia-
ble—ICC establishment status (did). Notably, the design of “number of fixed-line tele-
phones per 100 people in 1984 × previous year’s internet user count” is adjusted to align 
with the need for dynamic time-varying characteristics and compatibility with city fixed 
effects. Given that this study controls for city fixed effects, we follow the methodological 
practices of Manacorda et al. [60] and Guriev et al. [61] to construct the IV as the product 
of a time-invariant historical variable (1984 fixed-line telephone number) and a time-var-
ying macro variable (previous year’s national internet investment), thereby endowing the 
IV with dynamic attributes and avoiding collinearity with fixed effects. 

In terms of instrumental variable validity, the exclusion restriction is largely satisfied: 
compared with the rapid advancement of internet technology and information technology 
transformation, the impact of historical fixed-line telephone penetration on economic 
growth and other socioeconomic outcomes has gradually faded [62], minimizing its direct 
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effect on contemporary urban environmental performance. For the relevance condition, 
as a high-computing-power digital infrastructure, ICC construction heavily relies on foun-
dational prerequisites such as mature communication networks and a sound digital user 
base. The selected IV, which integrates historical communication infrastructure endow-
ment and contemporary internet development dynamics, naturally maintains a significant 
correlation with ICC establishment status, satisfying the relevance requirement. 

This study further conducts a series of validity tests to verify the reliability of the IV. 
The p-value of the Anderson LM test is far less than 0.01, indicating no under-identifica-
tion issue. The Cragg–Donald Wald F-statistic reaches 304.76, which strongly rejects the 
null hypothesis of weak instrumental variables. The AR Wald F-statistic is 865.71, further 
reinforcing the robustness of the core conclusions and ruling out the possibility of spuri-
ous significance arising from IV-related issues. 

Columns (1) and (2) of Table 6 report the first-stage and second-stage estimation re-
sults of the IV method, respectively. The first-stage results confirm that the instrumental 
variable is significantly positively correlated with ICC establishment status (did), further 
validating the relevance of the IV. After addressing endogeneity through the IV method, 
the significant positive impact of ICC establishment on urban environmental performance 
is further strengthened. This finding indicates that the baseline conclusion—that ICCs sig-
nificantly promote urban environmental performance improvement—is robust and not 
distorted by endogeneity issues. 

Table 6. Estimation results of instrumental variable approach. 

Variable 
First Stage (1) Second Stage (2) 

Did Env 

IV 
0.003 ***  
(0.003)  

did 
 5.440 *** 
 (0.286) 

Control Variables Yes Yes 
Year FE Yes Yes 
City FE Yes Yes 

Observations 4088 4088 
Anderson LM P  0.000 

Cragg–Donald Wald F  304.76 
AR Wald F   865.71 

Note: Robust standard errors in parentheses. *** p < 0.01. 

6.2.6. Other Robustness Tests 

To further verify the robustness of the baseline conclusion that ICC establishment 
improves urban environmental performance, this study conducts a series of supplemen-
tary robustness tests, including sample data screening, independent variable replacement, 
dependent variable replacement, and subsample regression. The results are reported in 
Table 7, with detailed designs and findings as follows. 

First, sample data screening. To mitigate the interference of extreme values in non-
random sample data on model estimation accuracy, this study performs 1% and 5% two-
tailed winsorization on the dependent variable (urban environmental performance) and 
excludes samples of municipalities directly under the central government to eliminate po-
tential structural heterogeneity. The estimation results are presented in Columns (1), (2), 
and (3) of Table 7. Second, independent variable replacement. This study replaces the 
original core explanatory variable—”intelligent computing center establishment status”—
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with “broadband policy implementation,” a quasi-natural experiment proxy variable re-
flecting digital infrastructure development. This replacement helps rule out the impact of 
unobserved factors specific to ICCs, with the results reported in Column (4) of Table 7. 
Third, dependent variable replacement. The measurement method of the dependent var-
iable (urban environmental performance) is adjusted. Following the approach of Liu 
(2020) [48], urban environmental performance is re-measured primarily from the perspec-
tive of pollutant emissions. The results are presented in Column (5) of Table 7. Due to the 
relative simplicity of this single-dimensional pollutant emission indicator compared with 
the comprehensive index, the R2 of the regression model increases accordingly. Fourth, 
subsample regression. Two sets of subsample regressions are conducted to examine the 
heterogeneity of ICCs’ environmental effects. On the one hand, the full sample is divided 
into high environmental performance and low environmental performance groups based 
on the median of urban environmental performance, and empirical tests are performed 
separately for the two subsamples, with results reported in Columns (6) and (7) of Table 
7. On the other hand, considering that most ICCs have been established only in the past 
three years, the sample is split by the year 2020 to explore the time-varying characteristics 
of ICCs’ effects, with the regression results presented in Columns (8) and (9) of Table 7. 

The results of all aforementioned robustness tests consistently confirm a significantly 
positive impact of ICC establishment on urban environmental performance. This indicates 
that the core conclusion of this study is robust and not affected by extreme values, variable 
measurement methods, sample selection, or time periods, further enhancing the credibil-
ity of the research findings. 

Table 7. Results of other robustness tests. 

Variable 

Env 

(1) Winso-
rized at 5% 

(2) Winso-
rized at 5% 

(3) Exclud-
ing Munic-

ipalities 

(4) Alternative 
Independent 

Variable 

(5) Alterna-
tive De-
pendent 
Variable 

(6) High-
Level Sub-

sample 

(7) Low-Level 
Sub-sample 

(8) Early 
Stage 

(9) Late 
Stage 

did 0.208 *** 0.054 ** 0.179 *** 0.038 ** 0.044 *** 0.282 *** 0.034 *** 0.277 ** 0.084 ** 
(0.068) (0.023) (0.065) (0.017) (0.014) (0.087) (0.009) (0.107) (0.042) 

Ggdp 0.070 *** 0.061 *** 0.044 ** 0.053 *** −0.012 0.190 *** 0.020 *** 0.074 *** −0.160 *** 
(0.016) (0.013) (0.020) (0.019) (0.011) (0.041) (0.007) (0.017) (0.042) 

Pop −0.008 *** −0.004 *** −0.009 *** −0.009 *** −0.000 −0.026 ** −0.001 −0.007 ** −0.005 * 
(0.002) (0.001) (0.003) (0.003) (0.001) (0.012) (0.001) (0.003) (0.003) 

Hum −0.004 −0.013 * 19.286 0.102 *** 0.008 *** 0.120 *** 6.804 *** 0.091 *** 36.312 * 
(0.011) (0.007) (12.479) (0.018) (0.002) (0.015) (2.581) (0.011) (20.669) 

Fin 
0.025 ** 0.011 0.023 ** 0.029 ** 0.001 0.104 *** −0.000 0.030 ** 0.017 * 
(0.012) (0.007) (0.012) (0.014) (0.003) (0.035) (0.002) (0.014) (0.010) 

Fix 
−0.004 −0.008 −0.003 0.014 0.011 * 0.057 −0.010 *** 0.004 0.010 
(0.017) (0.011) (0.018) (0.020) (0.006) (0.078) (0.004) (0.017) (0.014) 

FDI 
0.101 *** 0.017 0.094 *** 0.063 ** −0.006 0.099 *** 0.178 * 0.139 *** 0.131 
(0.022) (0.011) (0.027) (0.028) (0.011) (0.032) (0.100) (0.036) (0.317) 

Control Var-
iables Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes 
City FE Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Observa-
tions 4088 4088 4032 4088 4088 1752 2338 3212 1168 

R2 0.161 0.175 0.183 0.095 0.948 0.194 0.637 0.125 0.230 
Adjusted R2 0.157 0.171 0.179 0.090 0.948 0.185 0.634 0.120 0.225 

Note: Robust standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. 

6.3. Heterogeneity Analysis 
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6.3.1. Regional Heterogeneity 

While this study incorporates a set of city-level control variables, substantial regional 
disparities in China remain salient with respect to economic fundamentals, industrial 
structure, and resource endowment. Historically, the eastern and central regions have 
been characterized by higher levels of economic development, concomitantly accompa-
nied by more acute environmental pollution challenges. Against this backdrop, exploring 
the heterogeneous environmental performance effects of ICCs across different regions is 
of considerable theoretical and practical significance. In line with the regional classifica-
tion criteria formulated by the National Bureau of Statistics of China, this study catego-
rizes all prefecture-level and above cities into four major regions: the eastern, central, 
western, and northeastern regions. To conduct a geography-based heterogeneity analysis, 
a subsample regression strategy is adopted to systematically evaluate the impacts of ICC 
construction and operation on urban environmental performance across these four re-
gional divisions. The empirical results are reported in Table 8. 

Table 8. Impact of ICC establishment on urban environmental performance by region. 

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

Eastern Region Central Region Western Region Northeastern 
Region 

did 0.116 0.190 * 0.343 ** 0.133 *** 
(0.073) (0.099) (0.163) (0.036) 

Control Variables Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes 
City FE Yes Yes Yes Yes 

Observations 1204 1120 1288 476 
R2 0.098 0.341 0.385 0.619 

Adjusted R2 0.082 0.329 0.375 0.602 
Note: Robust standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. 

It is evident from the regression estimates that ICC establishment exerts a positive 
influence on urban environmental performance across all four regions, albeit with notable 
variations in the magnitude and statistical significance of this effect. Specifically, the pro-
moting effect is the most pronounced in the western region, followed sequentially by the 
central and northeastern regions, whereas the eastern region demonstrates the weakest 
effect magnitude. In terms of statistical significance, the environmental benefits of ICCs 
are more robust in the northeastern and western regions, whereas the significance levels 
are relatively modest in the central and eastern regions. Collectively, these findings cor-
roborate the presence of distinct geographical heterogeneity in the environmental perfor-
mance implications of ICCs. 

Compared with the eastern and central regions, most cities in western China exhibit 
lower completeness of environmental protection facilities and lower adoption rates of 
green technologies, leading to significant technical gaps in environmental governance. 
Consequently, each additional ICC established in this region generates a more pro-
nounced incremental improvement in environmental performance. Leveraging the policy 
preference of the “Eastern Data and Western Computing” initiative, the layout of ICCs in 
western China is deeply integrated with green development, often coupled with support-
ing new energy projects. Furthermore, the digital transformation of traditional high-en-
ergy-consuming industries driven by ICCs can rapidly reduce pollutant emissions per 
unit of output value, thereby amplifying the environmental improvement effect. 

Although the coefficient of ICCs’ impact in the northeastern region is smaller than 
that in the central and western regions, cities in this traditional old industrial base share 
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highly homogeneous industrial structures, dominated by heavy chemical industries, 
which creates strong demand for pollution reduction and ensures a high goodness of fit 
for the regression results. Moreover, as a critical ecological security barrier, the northeast-
ern region enforces environmental policies with high rigidity, yielding higher efficiency 
in green technology transformation—once relevant technologies are adopted, emission 
reduction effects become immediately tangible, hence the highest statistical significance 
of ICCs’ impact in this region. Nevertheless, the layout of ICCs in the northeastern region 
started relatively late, with a small quantity and limited computing power scale. In addi-
tion, long-standing historical legacies from heavy industry development have resulted in 
prolonged cycles and high costs for environmental governance. As such, the establish-
ment of ICCs can hardly directly tackle structural pollution issues, leading to a relatively 
limited improvement in overall environmental performance. 

In the eastern and central regions, the basic pollution governance systems have been 
initially established, so the incremental effect of ICC establishment on environmental per-
formance is lower than that in the western region. The eastern region boasts a developed 
economy, a large-scale digital economy, and a high concentration of high-tech industries 
and modern service industries. While it has strong demand for ICC computing power and 
abundant application scenarios, the region prioritizes the economic value of ICCs in en-
hancing productivity. The insufficient allocation of computing power to environmental 
governance fields dilutes the environmental improvement effect of ICCs. Additionally, 
the eastern region encompasses both megacities and small-to-medium-sized cities, with 
substantial disparities in industrial structure, environmental protection needs, and intel-
ligent computing application scenarios across cities—this heterogeneity further reduces 
the goodness of fit of ICCs in promoting environmental performance. For the central re-
gion, its scattered industrial structure poses dual challenges: supporting industrial emis-
sion reduction while controlling agricultural non-point source pollution. The excessively 
high proportion of traditional industrial enterprises also restricts the effectiveness of ICCs 
to a certain extent. However, with the advancement of industrial digital transformation 
and the improvement of coordinated development mechanisms in the central region, ICCs 
hold significant potential for driving green development, exerting a statistically signifi-
cant effect on improving environmental performance. 

In summary, the promoting effect of ICCs on urban environmental performance var-
ies remarkably across different regions. In environmental governance practices, the prin-
ciples of adapting to local conditions and implementing targeted policies must be adhered 
to. Specifically, policy guidance should be utilized to deeply integrate ICC layout with 
regional environmental governance needs and industrial characteristics, foster synergy 
between industrial transformation and intelligent computing, mitigate constraints im-
posed by traditional industries, and maximize the green empowerment value of ICCs. 
Looking ahead, on the basis of differentiated regional policies, further efforts should be 
made to break down regional barriers and strengthen cross-regional collaboration, 
thereby enabling ICCs to play a more comprehensive role in advancing national ecological 
civilization construction. 

6.3.2. Resource Heterogeneity 

A city’s development model depends on its inherent resource endowment. Resource-
based cities rely excessively on natural resource inputs for economic growth, which may 
lead to numerous difficulties in green transformation and potentially affect the effective-
ness of ICCs on urban environmental performance. This study follows the definition from 
the National Plan for the Sustainable Development of Resource-Based Cities (2013–2020) 
issued by the National Development and Reform Commission. Resource-based cities are 
primarily those whose leading industries involve the extraction and primary processing 
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of resources such as coal, petroleum, and metallic minerals. Based on the National Plan 
for the Sustainable Development of Resource-Based Cities (2013–2020), this study classi-
fies sample cities into resource-based cities and non-resource-based cities according to 
their resource endowments, and conducts grouped regression. Results in Table 9 show 
that the establishment of ICCs has a significant negative effect on environmental perfor-
mance in resource-based cities, while it exerts a significant promoting effect in non-re-
source-based cities. 

Table 9. Other heterogeneity analyses. 

Variable 

(1) (2) (3) 

Resource-
Based Cities 

Non-Resource-
Based Cities 

High Environ-
mental Regula-

tion 

Low Environ-
mental Regula-

tion 

Computing 
Hub Cities 

Other Cities 

did 
−0.038 *** 0.272 *** 0.238 *** 0.147 ** 0.244 ** 0.196 ** 

(0.014) (0.081) (0.0831) (0.070) (0.105) (0.088) 
Control Varia-

bles Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes 
City FE Yes Yes Yes Yes Yes Yes 

Observations 1610 2478 2778 1310 1764 2324 
R2 0.536 0.161 0.138 0.226 0.113 0.301 

Adjusted R2 0.530 0.154 0.131 0.214 0.103 0.295 
Note: Robust standard errors in parentheses. ** p < 0.05, *** p < 0.01. 

Non-resource-based cities, which primarily specialize in the service industry, high-
tech industries, and light industries, manifest three core traits: a lightweight industrial 
structure, a low pollution baseline, and strong flexible transformation capacity. These 
traits are highly congruent with the green technology upgrading and industrial transfor-
mation effects brought about by ICCs, enabling non-resource-based cities to fully leverage 
computing resources in supporting environmental governance practices and thereby re-
alizing a significant improvement in environmental performance. 

By comparison, resource-based cities rely heavily on resource-intensive industries 
with high energy consumption, high pollution, and high emissions for economic growth, 
and are afflicted by severe industrial path dependence and a single industrial structure. 
These are deep-rooted systemic issues that cannot be fundamentally mitigated merely 
through the data processing and algorithm optimization capabilities of ICCs. As a result, 
the establishment of ICCs does not contribute to urban environmental performance im-
provement via promoting green production technology application or driving low-car-
bon-oriented industrial structure adjustment. Instead, the production efficiency improve-
ments derived from ICCs may aggravate industrial pollution, because resource-based cit-
ies are inclined to expand the output of resource-intensive industries rather than promote 
industrial layout transformation. 

To explore the underlying mechanisms of this negative outcome, sub-index regres-
sion analysis is conducted on the sample of resource-based cities. The results indicate that, 
apart from exerting a positive impact on environmental performance in the dimension of 
pollutant emissions, the establishment of ICCs exerts negative effects on all other environ-
mental performance dimensions—among which the impacts on environmental facility 
construction level and waste disposal capacity are statistically significant, with regression 
coefficients of −0.041 (p < 0.05) and −0.042 (p < 0.01), respectively. Based on this finding, it 
is conjectured that due to the common predicaments of resource-based cities, such as fiscal 
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dependence on resource industries and insufficient transformation funds, the large up-
front investment required for ICC construction squeezes short-term investments in envi-
ronmental governance and green technological R&D to a certain extent. This crowding-
out effect ultimately leads to the negative impact of ICC establishment on the environ-
mental performance of resource-based cities. 

This reasoning is further verified through preliminary empirical tests using the con-
structed dataset. The results show that in the sample of resource-based cities, the promo-
tional effect of ICC establishment on the output of the secondary industry is significantly 
higher than that on the tertiary industry, while it exerts a significant inhibitory effect on 
scientific and technological expenditure. In contrast, in the sample of non-resource-based 
cities, ICC establishment exerts a significantly positive impact on scientific and technolog-
ical expenditure. This contrast initially confirms the conjecture regarding the crowding-
out effect and industrial path dependence mechanism. 

Although numerous studies have demonstrated the facilitating role of digital econ-
omy development in urban green transformation [1,7], the potential negative environ-
mental impacts of digital infrastructure represented by ICCs should not be ignored and 
warrant further in-depth research. From a policy perspective, for non-resource-based cit-
ies, efforts should be made to further improve the application level of computing re-
sources in environmental governance and amplify their positive spillover effects on green 
development. For resource-based cities, targeted supportive policies and special funds 
should be formulated to actively encourage the integration of intelligent computing tech-
nology with environmental protection fields, thereby helping resource-intensive cities 
break free from path dependence and transition toward technology-intensive develop-
ment models. 

It should be noted that the distinction between resource-based and non-resource-
based cities in this study is based on China’s official policy classification standards. Dif-
ferent countries may adopt divergent criteria for identifying resource-dependent cities, 
which could lead to heterogeneous impacts of ICCs. Specifically, in countries dominated 
by resource industries or suffering from the “resource curse,” the negative impact of ICCs 
on the environmental performance of resource-based cities may be more pronounced. In 
contrast, in countries with well-established resource governance mechanisms and diver-
sified industrial structures, the environmental effect of ICCs might differ significantly. 
Therefore, when translating the policy implications of this study across borders, careful 
consideration must be given to the specific definition of resource-based cities and their 
current developmental stage in the local context to ensure the adaptability and effective-
ness of policy recommendations. 

6.3.3. Environmental Regulation Heterogeneity 

The level of attention to environmental regulation is measured by the frequency of 
environmental regulation-related terms in government reports. A higher frequency of 
such terms in government reports indicates a city’s greater policy of attention to environ-
mental protection. These cities will leverage policy guidance, coordination mechanisms, 
and resource support to translate the green empowerment value of ICCs into practical 
outcomes. Conversely, in cities with low environmental regulation attention, weak policy 
constraints and insufficient supporting facilities naturally weaken the environmental ef-
fect of ICCs. Results in Table 9 show that the coefficient for the effect of intelligent com-
puting center establishment on improving environmental performance is 0.238 in cities 
with high attention to environmental regulation, which is significantly stronger than that 
in cities with low attention. 

The impact of ICCs on environmental performance depends not only on the technol-
ogy itself but also on whether the city has an institutional environment to facilitate the 
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implementation of the technology. Governments can implement differentiated and re-
fined environmental protection policies in connection with computing resources, and for-
mulate targeted governance measures for different regions and different pollution sources 
to ensure policy effectiveness. 

6.3.4. Cluster Heterogeneity 

Currently, there are eight major computing hubs in China, namely the Beijing–Tian-
jin–Hebei Hub (covering Beijing, Tianjin, and Hebei), the Yangtze River Delta Hub (cov-
ering Shanghai, Anhui, Jiangsu, and Zhejiang), the Guangdong–Hong Kong–Macao 
Greater Bay Area Hub (covering Guangdong), the Chengdu–Chongqing Hub (covering 
Chongqing and Sichuan), the Inner Mongolia Hub (covering Inner Mongolia), the Gui-
zhou Hub (covering Guizhou), the Gansu Hub (covering Gansu), and the Ningxia Hub 
(covering Ningxia). Cities included in all the above computing hubs are classified into one 
group, while other cities are classified into another group. Subsample regression for het-
erogeneity analysis was conducted based on whether a city is a computing hub, examin-
ing the impact of intelligent computing center establishment and operation on environ-
mental performance in computing hub cities and non-computing hub cities, respectively. 
The results are presented in Table 9, and show that computing hub cities have a collabo-
rative effect on computing power scheduling, along with the agglomeration of talent and 
technological resources. This makes the promoting effect of ICCs on environmental per-
formance stronger in these cities than in non-hub cities. When ICCs are located in cities 
covered by the eight major computing hubs (such as the Beijing–Tianjin–Hebei, Yangtze 
River Delta, and Guangdong–Hong Kong–Macao Greater Bay Area hubs), they can drive 
a greater improvement in local environmental performance, which is significant at the 5% 
significance level. 

The Chow test results (Table 10) indicate that the p-values for all four heterogeneity 
dimensions are 0.000, rejecting the null hypothesis of no structural differences between 
subgroups at the 1% significance level. This confirms that the impact of ICCs on environ-
mental performance exhibits significant heterogeneity across different subgroups. 

Table 10. Chow test results for inter-group coefficient differences. 

 Chow Test p-Value 
Regional Heterogeneity 7.52 0.000 
Resource Heterogeneity 10.03 0.000 

Environmental Regulation Heterogeneity 1.51 0.000 
Cluster Heterogeneity 6.60 0.000 

In future practice, the synergistic strengths of computing power scheduling and the 
talent-technology agglomeration effects of hub cities can be harnessed to drive ICCs to 
deeply serve cross-regional environmental protection scenarios, such as air pollution joint 
prevention and control and watershed pollution simulation. This will further amplify 
ICCs’ effectiveness in boosting environmental performance. Additionally, through the im-
plementation of the “Eastern Data and Western Computing” project, non-hub cities can 
be steered to form a computing power complementary framework with hub clusters. This 
will address the shortcomings of non-hub cities in computing power infrastructure and 
technology adaptation, creating favorable conditions for ICCs to fully exert their environ-
mental empowerment functions across both hub and non-hub cities. 

6.4. Analysis of Mediating Effects 

The establishment of ICCs may enhance urban environmental performance through 
two primary channels, namely the promotion of green innovation and the advancement 
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of industrial structure upgrading. In this study, the total number of authorized green pa-
tents, following Dian et al. (2024) [54], is used as a proxy for the level of green innovation, 
while the ratio of output value between the tertiary and secondary industries is adopted 
to capture changes in industrial structure. The empirical results are reported in Table 11. 

As shown in Column (1) of Table 11, the establishment of ICCs exerts a statistically 
significant positive effect on urban environmental performance. Column (2) indicates that 
the DID coefficient is significantly positive, suggesting that ICC construction effectively 
promotes the transformation and upgrading of the industrial structure toward cleaner, 
smarter, and greener modes of development, thereby contributing to improvements in 
urban environmental performance. Furthermore, the results in Column (3) demonstrate 
that ICC establishment significantly enhances green innovation. This finding implies that 
ICCs facilitate the dissemination and diffusion of green technological knowledge among 
innovation agents through knowledge and technology spillovers, while also lowering 
technological entry barriers and thereby stimulating urban green technological innova-
tion. 

Table 11. Mechanism analysis of the impact of ICC establishment on urban environmental perfor-
mance. 

Variable 
(1) (2) (3) 

Env Iso Gpat 

did 0.230 *** 0.124 *** 1349.012 *** 
(0.071) (0.044) (313.552) 

Ggdp 0.063 *** −0.394 *** −116.995 
(0.019) (0.070) (125.350) 

Pop −0.008 *** 0.022 * −85.613 *** 
(0.003) (0.012) (24.629) 

Hum 0.096 *** −0.183 *** −1195.125 *** 
(0.017) (0.011) (164.551) 

Fin 0.030 ** 0.036 171.469 ** 
(0.014) (0.031) (72.174) 

Fix 0.004 −0.120 ** 293.640 ** 
(0.022) (0.060) (137.668) 

FDI 0.087 ** −0.074 * −336.660 
(0.036) (0.044) (342.549) 

Control Variables Yes Yes Yes 
Year FE Yes Yes Yes 
City FE Yes Yes Yes 

Observations 4088 3990 4088 
R2 0.143 0.603 0.280 

Adjusted R2 0.139 0.601 0.276 
Note: Robust standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. 

Since the 13th Five-Year Plan period, China has imposed more stringent require-
ments on both economic development and environmental protection, with increasing em-
phasis placed on green innovation. Peng et al. [63], using spatial pattern analysis, found 
that green innovation exhibits significant regional agglomeration and is positively associ-
ated with the quality of economic development through strong spatial autocorrelation. At 
the micro level, Ye et al. [28], based on a sample of 273 listed pollution-intensive firms, 
demonstrated that digital investment can enhance environmental performance through 
the mediating role of green innovation. Green innovation, encompassing clean production 



Systems 2026, 14, 165 28 of 40 
 

https://doi.org/10.3390/systems14020165 

technologies, pollution control technologies, and waste recycling technologies, can di-
rectly reduce pollutant emissions at the production source and improve energy-use effi-
ciency, thereby enhancing the effectiveness of environmental governance [20]. Moreover, 
green innovation contributes to improvements in regional green productivity and facili-
tates the realization of green development goals [64]. From an urban perspective, environ-
mental performance reflects both the control of pollutant emissions and the level of green 
economic development. Accordingly, green innovation can improve urban environmental 
performance through two primary channels, namely emission reduction and efficiency 
enhancement. 

Industrial structure upgrading represents another critical pathway through which 
ICCs influence environmental performance. A central feature of industrial upgrading is 
the deep integration of digital technologies into the industrial system, which fosters the 
emergence of new digital industries and drives their evolution toward higher-end, 
greener, and more intelligent development. This process enhances resource allocation ef-
ficiency and promotes green production. Chang et al. [17] observed that China’s histori-
cally secondary-industry-dominated structure, while supporting rapid economic growth, 
also resulted in extensive fossil energy consumption. Xie [18] argued that under the green 
development paradigm, industrial upgrading should embody environmental friendliness 
by transforming high-pollution production modes into cleaner alternatives. Empirical 
studies based on China’s provincial panel data from 2010 to 2019 further confirm that the 
digital economy can significantly reduce carbon emission intensity through industrial 
structure upgrading. Using a DID framework, Liu et al. [21] showed that enhanced trans-
parency in pollution information disclosure facilitates the ecological transformation of lo-
cal industrial structures and proposed policies to promote the development of the tertiary 
sector. Similarly, Feng et al. [22] demonstrated that industrial structure upgrading serves 
as an important mediating channel through which informal environmental regulation re-
duces carbon emissions. By shifting economic activity toward the tertiary industry, indus-
trial upgrading effectively lowers energy consumption and pollutant emissions, thereby 
supporting cleaner production. 

Taken together, these findings provide strong empirical and theoretical support for 
the mediation results reported above and confirm Hypotheses 2 and 3 of this study. Spe-
cifically, the establishment of ICCs can indirectly enhance urban environmental perfor-
mance by stimulating green innovation and promoting industrial structure upgrading, 
thereby reinforcing the mechanism-based interpretation of the empirical results. 

6.5. Sub-Index Regression 

Considering that the establishment of ICCs may have varying impacts on the respec-
tive components of urban environmental performance, this study conducts a further test 
on the heterogeneous effects of intelligent computing center establishment on each envi-
ronmental performance indicator to identify which specific aspect of the environment has 
actually been improved, as shown in Table 12. 

Table 12. Regression analysis of the sub-Index effects of ICC establishment on urban environmental 
performance. 

Variable (1) (2) (3) (4) (5) (6) (7) 
Level of Environmental In-
frastructure Construction 

0.194 * 
(0.117)       

Level of Resource Utiliza-
tion  

0.374 *** 
(0.102)      

Structure of Environmental 
Protection Personnel   

−0.479 *** 
(0.163)     
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Urban Greening    0.015 
(0.050) 

   

Level of Environmental Re-
source Allocation 

    0.042 
(0.039) 

  

Waste Treatment Capacity      0.335 *** 
(0.097) 

 

Pollutant Emissions       0.440 *** 
(0.139) 

Control variables Yes Yes Yes Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes Yes Yes Yes 
City FE Yes Yes Yes Yes Yes Yes Yes 

Observations 4088 4088 4088 4088 4088 4088 4088 
R2 0.128 0.190 0.489 0.055 0.198 0.167 0.948 

Adjusted R2 0.123 0.189 0.486 0.050 0.194 0.162 0.948 
Note: Robust standard errors in parentheses. * p < 0.10, *** p < 0.01. 

Empirical findings reveal that ICCs exert a statistically significant and positive im-
pact on urban environmental performance across four core dimensions: environmental 
infrastructure construction, resource utilization efficiency, waste treatment capacity, and 
pollutant emission reduction. Notably, this facilitating effect permeates all facets of envi-
ronmental performance with the sole exception of the composition of environmental pro-
tection personnel. The underlying mechanisms driving the adverse impact of ICCs on the 
structure of environmental protection personnel can be elaborated as follows: ICCs tend 
to substitute labor-intensive manual operations with advanced intelligent technologies; 
leveraging computing power-enabled real-time monitoring systems and intelligent sched-
uling platforms, ICCs significantly reduce the demand for traditional environmental pro-
tection roles. Moreover, constrained by the inherent attributes of high energy consump-
tion and high carbon emissions of ICCs themselves, their positive contribution to the al-
location efficiency of environmental resources remains statistically insignificant. 

7. Spatial Spillover Effects 
Against the backdrop of the coordinated advancement of China’s “dual carbon” 

goals and the Digital China strategy, ICCs, as a new form of digital infrastructure inte-
grating computing power, algorithms, and data, have become a critical foundation for 
promoting urban green transformation. On the one hand, ICCs enable application scenar-
ios such as environmental monitoring and early warning, pollution control simulation, 
and optimization of new energy dispatch through high-performance computing capabil-
ities. They provide essential computational support for green technology research and 
development, thereby accelerating the generation and diffusion of green patents. On the 
other hand, ICCs facilitate the deep integration of the digital economy with green indus-
tries, inducing industrial structure upgrading toward low-carbon development and con-
sequently reducing pollutant emissions. Meanwhile, due to factors such as geographic 
proximity and regional economic linkages, the technology diffusion and industrial syn-
ergy effects generated by ICCs may transcend administrative boundaries and produce 
spatial spillover effects on the environmental performance of neighboring cities. This fea-
ture is closely aligned with the inherent spatial dependence of urban environmental per-
formance itself, which is characterized by cross-regional pollution transmission and col-
laborative ecological governance. Consequently, the relationship between ICC develop-
ment and environmental performance must be examined within a spatial analytical 
framework. 
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Based on this premise, this study constructs a standardized geographic weight ma-
trix for prefecture-level cities and applies Moran’s I index to test the spatial autocorrela-
tion of urban environmental performance, which serves as the explained variable. The 
corresponding results are reported in Table 13. 

Table 13. Global Moran’s I of urban environmental performance by year. 

Year I E (I) sd (I) z p-Value 
2010 0.033 −0.004 0.005 7.515 0.000 
2011 0.033 −0.004 0.005 7.468 0.000 
2012 0.030 −0.004 0.005 6.889 0.000 
2013 0.029 −0.004 0.005 6.730 0.000 
2014 0.028 −0.004 0.005 6.480 0.000 
2015 0.026 −0.004 0.005 6.138 0.000 
2016 0.025 −0.004 0.005 5.948 0.000 
2017 0.022 −0.004 0.005 5.215 0.000 
2018 0.019 −0.004 0.005 4.632 0.000 
2019 0.020 −0.004 0.005 4.826 0.000 
2020 0.021 −0.004 0.005 5.075 0.000 
2021 0.023 −0.004 0.005 5.337 0.000 
2022 0.021 −0.004 0.005 5.039 0.000 
2023 0.022 −0.004 0.005 5.232 0.000 

Results of the Moran’s I test indicate that the Moran’s I indices for both urban envi-
ronmental performance and ICC establishment are statistically significant and positive 
over the sample period. This finding implies that urban environmental performance is 
substantially influenced by the environmental governance spillovers of neighboring re-
gions, and a robust positive spatial correlation exists among the environmental perfor-
mance levels of different cities, thus verifying the presence of spatial spillover effects. Fur-
thermore, the global Moran’s I index exhibits an overall fluctuating downward trend from 
2010 to 2023, signifying a gradual attenuation of spatial dependence across cities. This 
phenomenon may be attributed to the narrowing gap in urban environmental governance 
capacities and the cross-regional diffusion of digital technologies. To further identify the 
spatial agglomeration characteristics of urban environmental performance across specific 
regions, a series of Moran scatter plots of urban environmental performance covering the 
period 2010–2023 were constructed (Figure 5), with 2023 taken as a typical example for 
illustration (Figure 6). The results show that scatter points are predominantly concen-
trated in the first quadrant. 

To verify the rationality of the model specification, this study conducted a series of 
tests. As shown in Table 14, Results of the LM test all show that the p-value is less than 
0.01, which significantly rejects the null hypothesis of no spatial correlation, confirming 
the rationality of using a spatial econometric model for analysis. Results of the LR test and 
Wald test for the Spatial Error Model (SEM) and Spatial Lag Model (SLM) indicate that 
the SDM is the optimal choice. Results of the Hausman test and LR test for fixed effects 
suggest that the model should be specified as a two-way fixed effects model, so this study 
initially decided to use this model for analysis. However, subsequent regressions revealed 
that the p-value of the roh statistic for the two-way fixed effects SDM was 0.703, which 
does not support the use of this model. Therefore, this study ultimately chose the time-
fixed SDM for analysis. 
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Figure 5. Moran Scatter Plot, 2010–2023. 

 

Figure 6. Moran Scatter Plot, 2023. 

Table 14. LM, hausman, LR, and wald test results. 

Statistical Test Methods Statistic Value p-Value 
LM test no spatial error 5715.032 *** 0.000  

Robust LM test no spatial error 3738.912 *** 0.000  
LM test no spatial lag 2224.576 *** 0.000  

Robust LM test no spatial lag 248.456 *** 0.000  
LR Lag 66.65 *** 0.000  
LR Err 87.78 *** 0.000  

Wald Lag 24.03 *** 0.000 
Wald Err 4.94 * 0.085  
Hausman 30.96 *** 0.000 

Note: Robust standard errors in parentheses. * p < 0.10, *** p < 0.01. 
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Moran scatterplot (Moran's I = 0.0329 and P-value = 0.0000)
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Moran scatterplot (Moran's I = 0.0327 and P-value = 0.0000)
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Moran scatterplot (Moran's I = 0.0299 and P-value = 0.0000)
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Moran scatterplot (Moran's I = 0.0291 and P-value = 0.0000)

1
2

3

4
5

67
891011

12

13
14

1516
1718

192021
22
2324 2526
27

2829
303132

33
34

35363738394041424344454647
4849505152535455 5657585960 61626364656667

6869

70

71

72
7374

75767778
7980

81 82
83

84

85
86 87

88
89

90
91

92 93
94

9596

97

98
99100101
102

103104105106107
108

109110111112 113114115116117
118119120121122123124125126127128 129 130131132133 134135

136137 138139 140141142
143
144

145146147148149150151152153154155156 157158159160161 162
163164165166

167
168169170171172173 174175176177178179180181182183184185186

187

188

189
190

191

192
193

194195
196

197

198
199200201202

203204

205206207

208209210211212213214215216217
218219220221 222223

226227228229230231232233234235236237238239
240241242243244 245246247248 251252253254255256257258259

265266267268269270271272273274
275276277278279280281282283284285286287289290291292293 294295

0 1 2 3 4 5 6 7 8 9−1
z

env2014
Moran scatterplot (Moran's I = 0.0278 and P-value = 0.0000)
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Moran scatterplot (Moran's I = 0.0263 and P-value = 0.0000)
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Moran scatterplot (Moran's I = 0.0254 and P-value = 0.0000)
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Moran scatterplot (Moran's I = 0.0218 and P-value = 0.0000)
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Moran scatterplot (Moran's I = 0.0189 and P-value = 0.0000)

1
2

3

4
5

67
891011

12

13
14

1516
1718192021

222324 2526
27

2829303132
33

34
35363738394041424344454647

4849505152535455 5657585960 61626364656667

68
69

70

71

72
7374

75767778
7980

81 82
83

84

85
86 87
88

89

90
91

92 93
949596

97

9899100101102
103104105106107

108
109110

111112 113114115116117
118119120 121122123 124125126127128 129130131132133 134135

136137138139 140141142
143
144

145146147148149150151152153154155156157158159160161 162
163164165166

167
168169170171172173 174175176177178179180181182183184185186

187
188

189190

191

192
193

194195
196

197

198
199200

201202

203
204

205206207
208209210211212213214215216217218219220221 222223

226227
228229230
231

232233234235236237238
239

240241242243244 245246247248 251252253254255256257258259
265266267268269270271272273274

275276277278279280281282283284285286 287289290291292293 294295

0 1 2 3 4 5 6 7 8 9−1
z

env2019
Moran scatterplot (Moran's I = 0.0200 and P-value = 0.0000)
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Moran scatterplot (Moran's I = 0.0213 and P-value = 0.0000)
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Moran scatterplot (Moran's I = 0.0228 and P-value = 0.0000)
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Moran scatterplot (Moran's I = 0.0213 and P-value = 0.0000)
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Moran scatterplot (Moran's I = 0.0223 and P-value = 0.0000)
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This study further decomposes the spatial impacts of ICC establishment on urban 
environmental performance into three components: direct effects, indirect effects, and to-
tal effects. As reported in Table 15, the estimated direct-effect coefficient of ICC establish-
ment is 1.79 and is statistically significant at the 1 percent level, indicating that ICC devel-
opment plays a substantial role in enhancing the environmental performance of host cit-
ies. 

Table 15. Regression results of spatial spillover effects. 

Variable 
(1) Standardized Geographic Distance Matrix (2) The Economic Geography Nested Matrix 

Direct Effects Indirect Effects Total Effects Direct Effects Indirect Effects Total Effects 

did 
1.79 *** 5.805 ** 7.597 *** 1.77 *** 0.212 ** 1.984 *** 
(0.049) (2.56) (2.58) (0.048) (0.106) (0.114) 

Control Varia-
bles Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes 
City FE Yes Yes Yes Yes Yes Yes 

rho 0.615 *** 0.116 *** 
sigma2_e 0.311 *** 0.309 *** 

Observations 3990 3990 
R2 0.060 0.0415 

Note: Robust standard errors in parentheses. ** p < 0.05, *** p < 0.01. 

The estimated indirect effect of ICC establishment is also positive and statistically 
significant, providing robust evidence of positive spatial spillover effects on the environ-
mental performance of neighboring cities. In other words, while ICCs improve environ-
mental performance locally, they also generate beneficial externalities for surrounding re-
gions. This spillover effect can be explained by two main mechanisms. First, advances in 
environmental governance technologies enabled by local ICCs are highly replicable and 
can be readily diffused to nearby cities, facilitating the widespread adoption of effective 
governance practices. Second, neighboring cities may participate in ICC-related green in-
dustrial chains and engage in collaborative pollution control initiatives, leveraging data-
sharing and intelligent computing capabilities to improve cross-regional environmental 
governance efficiency. The total effect, which combines both direct and indirect effects, is 
also significantly positive, suggesting that ICC establishment contributes to overall im-
provements in regional urban environmental performance. 

To assess the robustness of the estimated spatial spillover effects, this study further 
re-estimates the direct, indirect, and total effects using an SDM with an economic–geo-
graphic nested weight matrix. The corresponding results are presented in Column (2) of 
Table 14. Across both spatial weight matrices, the direct effects of ICC establishment re-
main significantly positive at the 1 percent level, with highly consistent coefficient magni-
tudes. The primary difference lies in the estimated magnitude of the indirect effects, which 
likely reflects variations in the strength of inter-city economic linkages embedded in the 
alternative spatial weight structures. 

In summary, this study confirms that the establishment of ICCs not only exerts a sig-
nificant direct promotional effect on local environmental performance but also generates 
positive spillover impacts on the environmental performance of surrounding cities, 
thereby amplifying the overall improvement effect on regional environmental perfor-
mance. This conclusion provides practical insights for optimizing the spatial layout of 
ICCs and advancing collaborative regional environmental governance. Specifically, it sug-
gests that the formulation of relevant policies should not only prioritize the construction 
of local digital economic infrastructure but also emphasize the importance of computing 
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power collaboration and resource sharing among adjacent regions, so as to fully unlock 
the spatial spillover dividends of ICCs. Moving forward, efforts should be directed to-
wards enhancing the green operation of ICCs, including optimizing energy structures 
through the adoption of green electricity and waste heat recovery, applying innovative 
technologies such as liquid cooling, and allocating computing power to support critical 
tasks such as environmental monitoring, pollution simulation, and carbon footprint trac-
ing. Concurrently, guidance should be provided to surrounding cities to develop support-
ing industries, such as environmental protection AI and green data services, to consolidate 
and expand the environmental benefits of ICCs. 

8. Conclusions and Policy Implications 
Based on the comprehensive connotation of environmental performance, this study 

constructs a multi-dimensional evaluation indicator system. Taking the construction of 
ICCs as a quasi-natural experiment, it systematically investigates the impact mechanisms 
and spatial spillover effects of ICC establishment on urban environmental performance 
using panel data from 292 prefecture-level cities in China over the period 2010–2023. The 
main findings are summarized as follows: 

First, from 2010 to 2023, Chinese cities sequentially constructed and commissioned 
ICCs, which have driven a steady improvement in urban environmental performance. 
Second, the conclusion that ICC establishment promotes environmental performance re-
mains robust after a series of rigorous robustness tests, including parallel trend test, pla-
cebo test, propensity score matching-difference-in-differences, and instrumental variable 
method. Third, mechanism tests reveal that ICCs indirectly optimize urban environmen-
tal performance primarily through two pathways—facilitating green technological inno-
vation and advancing industrial structure upgrading—highlighting their core role as a 
dual driver of technological empowerment and structural transformation. These two 
pathways are well validated by specific practical cases: 

In terms of environmental monitoring and pollution control, for instance, the ICC in 
Guiyang, a national computing hub city, integrates multi-source data (e.g., satellite remote 
sensing, ground monitoring stations, and enterprise emission reports) and leverages high-
performance computing power to develop a real-time air quality prediction model with 
an accuracy exceeding 90%. This model enables precise tracing of PM2.5 pollution sources 
and provides targeted control recommendations for environmental law enforcement de-
partments, thereby effectively reducing regional air pollution incidents. In the field of en-
ergy optimization, Qinghai’s ICC, capitalizing on local clean energy advantages, has built 
an integrated energy scheduling platform for wind, solar, and hydropower. By real-time 
simulating and optimizing the output of various new energy sources, it has increased the 
consumption rate of clean energy by 15 percentage points and significantly reduced the 
carbon emission intensity of the power system. Additionally, in industrial pollution con-
trol, numerous non-resource-based cities in western China have applied ICCs to conduct 
digital simulation and process optimization for high-energy-consuming enterprises. For 
example, a chemical enterprise in Yunnan utilized computing power to optimize chemical 
production reaction processes, reducing pollutant emissions by 20% while improving pro-
duction efficiency—an empirical illustration of ICCs’ role in boosting green technological 
innovation and industrial structure upgrading. Fourth, heterogeneity analysis indicates 
that the environmental performance improvement effect of ICCs is more pronounced in 
western regions, non-resource-based cities, cities with high environmental protection at-
tention, and national computing hub cities. This suggests that the enabling effect of ICCs 
is comprehensively shaped by regional endowments, industrial foundations, and policy 
environments. Fifth, results from the SDM demonstrate that while enhancing local envi-
ronmental performance, ICCs generate significant positive spatial spillover effects on 
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neighboring cities, reflecting the cross-regional radiating characteristics of their environ-
mental governance benefits. For example, Chengdu’s ICC has established a cross-regional 
ecological environment monitoring network covering the Chengdu–Chongqing region, 
realizing shared early warning of water pollution in the Jialing River and Yangtze River 
basins and driving joint ecological governance among surrounding cities. 

Regarding theoretical contributions, this study transcends the existing literature’s 
singular focus on the economic benefits of digital infrastructure by constructing and em-
pirically testing an integrated analytical framework of “digital infrastructure—technolog-
ical empowerment & structural transformation—environmental performance.” This 
framework organically integrates empowerment theory, innovation paradigm transfor-
mation, and spatial economic restructuring, revealing that the uniqueness and complexity 
of ICCs’ environmental effects—as a new type of digital infrastructure—lie in their dual 
attributes of “local technological empowerment” and “cross-regional network synergy.” 
Specifically, the key theoretical insights are as follows: 

First, it extends empowerment theory by demonstrating that digital elements can not 
only enhance production efficiency but also become a core technological variable reshap-
ing the incentive system of urban environmental governance by lowering the threshold 
for green innovation and optimizing the cost–benefit structure of environmental govern-
ance. Second, it supplements the geography of innovation literature by revealing that un-
der the guidance of national strategies such as the “Eastern Data, Western Computing” 
project, the spatial layout of digital infrastructure itself becomes a key geographical pro-
cess driving cross-regional green knowledge spillovers and facilitating the formation of 
collaborative environmental governance networks, thus elevating the discussion on envi-
ronmental externalities from “local effects” to “regional network effects.” Third, it refines 
the “digital-green synergy” theory by empirically identifying two parallel mediating 
pathways (green technological innovation and industrial structure upgrading). This clar-
ifies that ICCs improve environmental performance through the synergistic operation of 
“computing-power-driven innovation” and “digital-enabled industrial transformation” 
mechanisms, providing a more granular explanation of the causal chain for research in 
this field. 

Based on the above research conclusions, this study puts forward the following pol-
icy recommendations: 

First, a comprehensive governance framework for ICCs oriented toward environ-
mental performance should be established to consolidate the digital foundation for green 
development. To systematically guide and regulate ICC development, while maximizing 
positive environmental externalities and minimizing negative ones, priority should be 
given to building an integrated governance system covering data management, algorithm 
regulation, energy use, and accountability. At the data and privacy level, hierarchical clas-
sification standards and data sharing rules should be formulated for environmental gov-
ernance, industrial production, and related fields. On the premise of ensuring data secu-
rity and privacy protection, cross departmental and cross regional data integration should 
be promoted to provide essential support for precise pollution control and collaborative 
environmental governance. At the algorithm and accountability level, filing and impact 
assessment mechanisms should be introduced for algorithms applied in key scenarios 
such as environmental monitoring, energy dispatching, and pollution source tracing. This 
will help ensure transparency, interpretability, and auditability of decision-making pro-
cesses, prevent algorithmic bias, and strengthen technical accountability. At the energy 
and efficiency level, mandatory full life cycle energy efficiency and environmental stand-
ards should be implemented across the stages of design, construction, and operation. Core 
indicators such as power usage effectiveness, carbon footprint, and water resource utili-
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zation efficiency should be incorporated into access and evaluation systems, thereby guid-
ing the adoption of green technologies and reducing the environmental burden of ICCs at 
the source. 

Second, top level design and strategic coordination should be strengthened to deeply 
integrate ICC construction into urban green development planning. Governments at all 
levels should fully recognize that ICCs are not only infrastructure supporting the digital 
economy, but also key technological engines driving green transformation. In the formu-
lation of digital economy development plans and environmental protection strategies, 
stronger alignment between these objectives is required, with improvements in environ-
mental performance explicitly incorporated as a core evaluation criterion for ICC con-
struction and operation. Local governments are encouraged to embed environmental ben-
efit indicators such as green technological innovation capacity, carbon emission intensity, 
and the level of industrial ecological development into the approval, review, and assess-
ment processes of ICC projects. This approach will guide computing resources toward 
green application scenarios including environmental governance, energy optimization, 
and ecological monitoring, and promote coordinated progress between computing capac-
ity expansion and green transformation. 

Third, differentiated and targeted regional guidance policies should be implemented 
to maximize the green enabling efficiency of ICCs. In light of the significant regional het-
erogeneity identified in this study, policy design should avoid uniform approaches. For 
western and northeastern regions, where ICCs exert stronger effects on environmental 
performance, continued reliance on national strategies such as the Eastern Data and West-
ern Computing initiative is recommended. On the basis of ensuring stable energy supply, 
the development of green computing clusters should be encouraged, and computing ca-
pacity advantages should be closely aligned with local priorities such as ecological resto-
ration and the green transformation of traditional industries. For eastern and central re-
gions, ICC development should move beyond basic computing services and focus on ad-
vancing high precision environmental governance algorithms and solution systems, 
thereby providing intelligent environmental protection technologies for broader regional 
application. For resource-based cities, dedicated transformation funds should be estab-
lished alongside stringent environmental standards to promote the integration of intelli-
gent computing technologies with the upgrading of high-energy-consuming industries 
and to overcome obstacles to green transformation. 

Fourth, cultivation and incentive mechanisms for intermediary pathways should be 
strengthened to smooth the value conversion chain linking computing power, innovation, 
industry, and environmental outcomes. Governments should actively assume a catalytic 
role by supporting initiatives such as the establishment of joint laboratories integrating 
intelligent computing and environmental protection, providing enhanced deductions for 
research and development expenditures, and subsidizing the procurement of green tech-
nologies. These measures can directly encourage enterprises and research institutions to 
apply computing resources to green technological innovation. At the same time, industrial 
policies and green financial instruments should be leveraged to promote cooperation be-
tween computing service providers and manufacturing enterprises in digital transfor-
mation and clean production. Targeted incentives should be granted to projects that 
achieve substantial energy conservation and emission reduction through intelligent com-
puting applications, thereby accelerating the upgrading of industrial structures toward 
greener and lower carbon development trajectories. 

Fifth, a cross regional collaborative governance network integrating computing ca-
pacity and environmental management should be established to fully realize the spatial 
spillover benefits of ICCs. In view of the pronounced spatial spillover effects identified in 
this study, it is advisable to take the lead in building a regional environmental computing 
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alliance among national computing hub cities. This alliance would facilitate the harmoni-
zation of interregional data standards and sharing mechanisms and support the develop-
ment of integrated environmental big data platforms and simulation systems to address 
cross regional governance challenges, including air pollution control, river basin water 
environment management, and biodiversity conservation. Through coordinated compu-
ting power allocation, cities with stronger environmental performance can be encouraged 
to disseminate intelligent environmental governance solutions and operational experi-
ence to neighboring regions, thereby fostering a pattern of regional green development 
characterized by coordinated advancement and shared progress. Ultimately, this ap-
proach will promote high level synergy between digital economy development and eco-
logical civilization construction. 

9. Research Limitations and Prospects for Future Studies 
This study acknowledges several limitations that also delineate promising avenues 

for future research. 
First, at the analytical level, the empirical analysis relies primarily on city-level panel 

data. Despite the adoption of multiple identification strategies—including a multi-period 
DID model and instrumental variable approaches—to mitigate potential endogeneity is-
sues, the micro-level behavioral mechanisms and heterogeneous responses underlying 
the influence of ICCs on environmental performance remain unobserved. Specifically, 
how firms with divergent industrial attributes and scales allocate computing resources to 
facilitate green innovation, along with the resultant disparities in their decision-making 
processes and outcomes, has not been adequately explored. 

Second, the impact of ICCs on environmental performance may follow nonlinear pat-
terns and dynamic evolutionary trajectories. Future research could incorporate dynamic 
threshold models or machine learning techniques to identify critical thresholds, structural 
breakpoints, and long-term impact pathways, thereby unpacking the contingent and time-
varying nature of such effects. 

Third, constrained by data availability, the measurement of green innovation and 
industrial structure upgrading calls for further refinement. Subsequent studies may inte-
grate firm-level patent data and inter-industry input–output tables to construct more pre-
cise and context-specific indicators, which would enable rigorous testing of the proposed 
transmission mechanisms. 

Fourth, the energy consumption and carbon emissions generated during ICC opera-
tions themselves may impose considerable environmental pressure, yet the potential 
“green paradox” effect associated with this phenomenon has not been fully examined in 
the present study. Future research should conduct comprehensive full-life-cycle environ-
mental impact assessments of ICCs, with the dual objectives of promoting their internal 
low-carbon operation and enhancing their external green empowerment capacity. Such 
endeavors would also contribute China-specific empirical insights to the global academic 
discourse on the green transformation of digital infrastructure. 

Fifth, given that the conclusions of this study are derived from city-level data in 
China, they are inevitably shaped by the country’s unique institutional arrangements, de-
velopment stage, and spatial layout of digital infrastructure. This context dependency lim-
its the direct generalizability of the findings to other national contexts. Future research 
could adopt a cross-country or transnational comparative perspective to investigate the 
environmental effects of ICCs, thereby improving the external validity of related research 
conclusions. 

It is also worth noting that this study captures the spatial spillover of ICC-induced 
environmental benefits primarily through a spatial econometric analysis incorporating the 
nested matrix of economic geography. While this method verifies the existence of cross-
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regional radiation effects, it falls short of unraveling the complex heterogeneity embedded 
in spillover mechanisms. In fact, spillover effects may vary substantially depending on 
factors such as the intensity of inter-city economic linkages, the similarity of institutional 
environments, the gap in regional knowledge absorption capacity, and the nature of spe-
cific inter-industry collaboration relationships. Future research could further construct 
multi-dimensional composite spatial weight matrices that integrate economic, social, and 
institutional dimensions, or employ social network analysis methods. These improved an-
alytical frameworks would facilitate a more nuanced characterization and differentiation 
of the intensity and boundaries of spillover effects through diverse channels, including 
technology demonstration, industrial linkage effects, and factor mobility. In doing so, they 
would provide a more comprehensive explanation of the micro-level formation mecha-
nisms of collaborative environmental governance networks driven by digital infrastruc-
ture. 
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