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Abstract

In the era of carbon neutrality, urban competition has evolved from single-dimensional
economic rivalry to multidimensional competition emphasizing green and sustainable
development. However, it remains unclear whether digital infrastructure, the physical
backbone of the digital economy, can externally enhance urban green competitiveness.
Building on the measurement of urban green competitiveness through the super-efficiency
SBM model, this study employs the “Broadband China” policy as an exogenous shock
and uses a Staggered difference-in-differences (SDID) model to systematically analyze the
impact and mechanisms of digital infrastructure on urban green competitiveness. The
SDID model is adopted in this study for the following reason: the Broadband China strat-
egy constitutes a phased rollout policy shock. By treating this policy as a quasi-natural
experiment, the SDID framework enables more accurate identification of its causal im-
pact on urban green competitiveness. The results show that the construction of digital
infrastructure significantly promotes urban green competitiveness. Further analysis reveals
that digital infrastructure enhances green competitiveness primarily through green techno-
logical innovation, industrial upgrading, and economic agglomeration, with the effect of
economic agglomeration being stronger than that of the other two channels. Heterogeneity
analysis shows that moderate government intervention amplifies the green effects of digital
infrastructure. Moreover, the direct effect of digital infrastructure on green competitiveness
is more significant in western cities than in eastern and central cities. This study provides
empirical evidence for optimizing digital infrastructure development and achieving a “dual
drive” of digitalization and green transformation.

Keywords: Broadband China; digital infrastructure; urban green competitiveness;
staggered difference-in-differences

1. Introduction
In the current stage of global economic development, the focus has shifted towards

high-quality growth, with energy conservation and emission reduction becoming essential
components of economic advancement [1]. Consequently, urban competition is gradu-
ally transitioning towards green competitiveness centered on efficiency improvement and
carbon reduction, making it imperative to accelerate the construction of an ecological
civilization. Nevertheless, cities still face a range of practical challenges in pursuing green
development, including fragmented governance, weak institutional design, and lack of
capacity for integrated green innovation [2]. Against this backdrop, the development
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of digital infrastructure offers a novel pathway to enhance urban green competitiveness.
However, existing research on digital infrastructure primarily emphasizes its economic
effects [3], leaving it unclear whether digital infrastructure can externally empower cities’
green competitiveness. Thus, several critical questions arise: Can digital infrastructure
development, as exemplified by the implementation of the “Broadband China” strategy,
drive urban green transformation? If so, through what mechanisms does it enhance green
competitiveness? Are there heterogeneous effects across different cities? Addressing these
questions holds significant theoretical and practical implications for advancing the construc-
tion of a digital ecological civilization. The development of digital infrastructure, driven
by new development philosophies and technological innovation, leverages production
factors such as knowledge and information as well as information technology to offer new
pathways for cities undergoing green transformation.

Relevant literature in this area can be broadly categorized into two main strands. The
first strand explores the environmental implications of digital infrastructure. A growing
body of research affirms its positive role in enhancing environmental performance through
mechanisms such as energy efficiency improvements [4], low-carbon economic restructur-
ing [5], the promotion of green innovation [6], and pollution control via digital monitoring
systems [7]. However, some studies caution that the rapid expansion of digital infrastruc-
ture, particularly data centers and high-frequency computation, can substantially increase
electricity consumption and carbon emissions, potentially offsetting its environmental
benefits [8,9].

The second strand focuses on the determinants of urban green competitiveness. At
the macro level, scholars have highlighted the significance of industrial clustering [10],
green technological capability [11], and the design of environmental regulations [12]. At
the micro level, firm-level factors such as innovation orientation [13], carbon pricing and
emissions trading systems [14], and corporate governance quality [15] have also been
shown to influence urban green performance.

Overall, prior studies provide important insights for this research. However, existing
studies often focus on the impact of digital infrastructure on single environmental dimen-
sions and lack a holistic evaluation framework linking digital infrastructure with urban
green development. Moreover, measuring urban green competitiveness is inherently com-
plex. Previous studies have mainly employed indicators such as energy emission intensity
and green infrastructure levels, which are susceptible to subjectivity. Therefore, building
on existing research, this study refines the measurement of urban green competitiveness
using the super-efficiency SBM model and non-radial directional distance functions, and
constructs a comprehensive evaluation system based on panel data from 285 Chinese cities
spanning 2005–2021. Furthermore, this study integrates green technological innovation,
industrial upgrading, and economic agglomeration into a unified analytical framework to
explore the impact mechanisms of digital infrastructure on urban green competitiveness.

Compared to the existing literature, this study offers the following marginal contri-
butions: First, under the rapid development of digitalization and green transformation,
it systematically incorporates economic, technological, and ecological dimensions into a
unified analytical framework and evaluates the mechanisms and effects of digital infras-
tructure on urban green competitiveness from both direct and indirect perspectives, thereby
extending research on the economic consequences of digital infrastructure construction
and the driving factors of urban green competitiveness. Second, unlike studies relying on
single indicators to measure urban green competitiveness, this study constructs a super-
efficiency SBM model to provide a more comprehensive and objective evaluation system,
thereby addressing gaps in prior research, which further enriches the extant literature on
the measurement of urban green competitiveness. Third, by considering heterogeneity
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dimensions such as the degree of government intervention and geographical location,
this study examines the differentiated impacts of digital infrastructure on urban green
competitiveness across cities with varying policy environments and resource endowments,
offering empirical evidence for optimizing digital infrastructure deployment tailored to
local conditions.

The Conceptual framework is shown in Figure 1.

Figure 1. Conceptual framework.

2. Theoretical Hypotheses
2.1. The Direct Mechanism: How Digital Infrastructure Empowers Urban Green Competitiveness

Compared with traditional infrastructure, digital infrastructure serves as a critical
foundation for technological development and innovation, playing a vital role in enhancing
resource efficiency, reducing energy consumption, and improving pollution control.

From a production perspective, digital infrastructure facilitates the adoption of tech-
nologies such as the internet and big data, enabling enterprises to optimize production
processes, improve efficiency and resource utilization, and reduce waste and emissions [16].
In agriculture, digital technologies help minimize ecological impacts and enhance sus-
tainability. From a lifestyle perspective, digital infrastructure decouples information from
physical carriers, reshaping traditional lifestyles. Digital communication and remote work
reduce the need for travel, thus cutting emissions [17]. Additionally, digital platforms
raise public awareness of environmental issues, improve transparency in corporate and
governmental behaviors, and promote high-quality green development.

Additionally, the improvement of digital infrastructure has brought about significant
changes in environmental governance technologies and models [18]. The structure of
environmental regulation has shifted from single-agency supervision to multi-sectoral
coordinated governance, and pollution control has evolved from fragmented to integrated
approaches, significantly enhancing governance efficiency [19]. Digital infrastructure helps
build an open and transparent communication platform among governments, enterprises,
and the public, making it possible to establish a vertically integrated and horizontally
coordinated environmental governance system. This transformation effectively breaks
down information barriers, overcomes the fragmentation in ecological governance, and
promotes urban green competitiveness. According to the above theoretical analysis, we
propose the following hypothesis:
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Hypothesis 1. Digital infrastructure development significantly enhances urban green competitiveness.

2.2. The Indirect Mechanisms
2.2.1. Green Technological Innovation

The construction of digital infrastructure contributes to the promotion of green tech-
nological innovation, mainly by enhancing information exchange, resource integration,
and innovation dynamism [20]. First, digital infrastructure reduces the cost of information
exchange and improves the efficiency of interactions among economic agents within cities,
thereby lowering the costs of resource discovery and transactions. This reduction in cost
facilitates faster knowledge dissemination and absorption, strengthens collaboration among
innovation entities, and enhances the vitality of digital technological innovation activities
in urban areas, thus providing strong support for technological advancement.

Second, digital infrastructure significantly improves cities’ capacity to integrate re-
sources and promotes the formation of efficient innovation networks. The development
of digital infrastructure enhances the efficiency of data collection, processing, and trans-
mission, thereby bolstering the resource integration capabilities of innovation entities [21].
In addition, digital technologies overcome spatial and temporal constraints, facilitate
cross-regional resource sharing and collaboration, and help strengthen cooperation among
innovation actors, further increasing the fluidity of information and laying a solid founda-
tion for digital innovation in cities [22].

Finally, digital infrastructure effectively broadens innovation opportunities and sig-
nificantly boosts the dynamism of urban digital technology innovation. It provides en-
trepreneurs with more convenient access to information, improves the accuracy of infor-
mation capture, reduces innovation costs, and stimulates enthusiasm for innovation [23].
Meanwhile, with the widespread adoption of digital technologies such as 5G and artificial
intelligence, innovation actors can obtain diversified technological information at low
cost, enhancing their sensitivity in decision-making, strengthening the local innovation
climate, and promoting knowledge dissemination and collaboration [24]. This reduces
R&D risks and drives the output of urban digital innovation, injecting new momentum into
sustainable urban development. Digital technological innovation offers reliable technical
support for energy conservation and emission reduction, thereby playing a positive role in
the construction of a digital ecological civilization. Based on the above theoretical analysis,
we propose the following hypothesis:

Hypothesis 2a. Digital infrastructure promotes green competitiveness through green technologi-
cal innovation.

2.2.2. Industrial Upgrading

The development of digital infrastructure contributes to industrial upgrading, primar-
ily through technological penetration and the optimization of resource allocation. From the
perspective of technological penetration, digital infrastructure, with its efficiency, precision,
and intelligence, integrates deeply into the transformation and upgrading of traditional
industries, significantly enhancing their productivity and reducing urban carbon emis-
sions [5]. In addition, the construction and improvement of digital infrastructure have
given rise to emerging industries such as the Internet of Things and artificial intelligence.
These industries are characterized by high knowledge intensity, advanced technological
content, and low environmental impact, gradually becoming new growth drivers and
leading forces in industrial restructuring due to their unique competitive advantages and
growth potential [25].
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From the perspective of resource allocation optimization, supported by digital tech-
nologies, firms can more accurately forecast market demand and align resource supply
accordingly, thus avoiding inefficient resource allocation [26]. In addition, the development
of digital infrastructure enhances information exchange and resource sharing across indus-
tries, effectively reducing transaction costs and information asymmetry, and improving the
overall coordination efficiency of industrial chains [27]. Together, technological penetration
and resource optimization jointly facilitate the upgrading and optimization of the indus-
trial structure. Industrial upgrading represents a shift from labor- and capital-intensive
industries to knowledge- and technology-intensive sectors [28]. In the digital era, this
transformation not only accelerates the digital upgrading of emerging industries, but also
promotes the digital and green transformation of traditional industries, thereby contribut-
ing positively to the construction of ecological civilization. In line with the theoretical
analysis, we propose the following hypothesis:

Hypothesis 2b. Digital infrastructure promotes green competitiveness through industrial upgrading.

2.2.3. Economic Agglomeration

The development of digital infrastructure facilitates economic agglomeration through
three primary channels: reduced transaction costs, enhanced knowledge spillovers, and
optimized factor allocation. First, with the improvement of digital infrastructure, market
participants can leverage digital technologies such as big data analytics to determine opti-
mal logistics routes [29]. This enables goods to be transported with lower transaction costs
and higher time efficiency, thereby enhancing the intensity of economic agglomeration.
Second, digital infrastructure fosters the exchange and sharing of existing knowledge
among enterprises, while also promoting the creation and accumulation of new knowledge
through internet-based platforms and other digital media [30]. Finally, the development of
digital infrastructure improves the matching of resource supply and demand, increasing
the level of factor sharing in agglomerated areas [31]. Under conditions of economic ag-
glomeration, once a particular segment of the industrial chain incorporates green attributes,
the overall green competitiveness of the urban economy is likely to improve. Based on the
above theoretical analysis, we propose the following hypothesis:

Hypothesis 2c. Digital infrastructure promotes green competitiveness through economic agglomeration.

2.3. The Heterogeneous Mechanisms
2.3.1. Government Intervention

As the primary provider of public services within a region, the government’s policy
guidance and governance actions inevitably influence the development of digital infras-
tructure to varying degrees. Government intervention includes both the strategic planning
of industrial layouts and the policy-driven allocation of digital resources [32]. Moderate
relaxation of government control can enhance the efficiency of resource allocation, fos-
ter healthy competition among industries, and create pressure on firms to innovate in
products and services, thereby facilitating the emergence of new industries and business
models. However, if the government fails to maintain a proper balance and the degree of
intervention exceeds a certain threshold, the efficiency of market-based resource allocation
may decline [33]. Excessive intervention can hinder optimal resource distribution and
technological innovation, thereby undermining the environmental benefits that digital
infrastructure is expected to deliver. In light of the above theoretical analysis, we propose
the following hypothesis:
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Hypothesis 3a. Reasonable government intervention strengthens the green effects of digi-
tal infrastructure.

2.3.2. Regional Differences

The environmental effects of digital infrastructure may vary across cities with different
policy orientations and resource endowments. From the perspective of policy direction and
resource availability, the western region of China, supported by its natural geographical
advantages and strong government backing, possesses abundant hydropower resources
and enjoys favorable policy conditions [34]. These advantages make it an ideal location for
energy-intensive digital storage and computing centers. However, the foundation for digital
application in western cities remains relatively weak, meaning that green digital policies
are more likely to stimulate the regional “late-mover advantage” in green development.
In contrast, the eastern region, as the economic engine of China, has a well-developed
industrial and service sector. Its robust economic development and strong market demand
provide powerful momentum and a wide range of application scenarios for the construction
of digital infrastructure [35]. Nonetheless, since digitalization in eastern cities began earlier
and is more advanced, the policy dividends of green digital transformation may have
already been largely realized. Based on the above theoretical analysis, we propose the
following hypothesis:

Hypothesis 3b. The green effect of digital infrastructure is more significant in western cities than
in eastern and central cities.

The research framework is shown in Figure 2.

Figure 2. Research framework.

3. Methodology
3.1. Identification Strategy

We construct a Staggered difference-in-differences (SDID) model based on the “Broad-
band China” policy as an exogenous shock:

UGCit = α0 +α1Digit + ∑αcControlit + µi + δt + εit (1)

where i indexes city and t indexes year. The dependent variable UGCit represents the
green competitiveness of city i in year t. The variable Digit is a dummy variable indicating
whether city i was designated as a pilot city under the “Broadband China” strategy in year t;
it takes the value of 1 if selected and 0 otherwise. The coefficient α1 is the key parameter of

https://doi.org/10.3390/systems14070844

https://doi.org/10.3390/systems14070844


Systems 2026, 14, 844 7 of 18

interest, capturing the policy’s implementation effect. Controlit represents control variables.
µi and γt are city and year fixed effects. εit is the error term.

3.2. Variables
3.2.1. Dependent Variable

Urban green competitiveness (UGC) serves as the dependent variable in this study.
Drawing on Tone (2002) [36] and Li et al. (2018) [37], we construct both a super-
efficiency SBM model and a non-radial distance function to analyze energy-saving emission-
reduction efficiency and measure urban green competitiveness, respectively. Following
Tone (2002) [36], the specific formulation and computational steps of the super-efficiency
SBM model are constructed as follows.

Assume there are n decision-making units (DMUs), with L types of input indicators, M
types of desirable output indicators, and N* types of undesirable output indicators. These
can be represented in vector form as: x ∈ SL, ya ∈ SM, yb ∈ SN, x, ya and yb takes the form
of a matrix. X = [x1 · · · xn]∈ SL×1, Ya = [ya

1 · · · ya
n] ∈ SM×1, Yb =

[
yb

1 · · · yb
n
]
∈ SN×1.

The construction of the super-efficiency SBM model is as follows:

ρ∗ = min
1 − 1

L ∑L
l=1

Sx
l

xt
kl

1 +
1

M + 1

(
∑M

m=1
Sy

m

yt
km

+ ∑N
n=1

Sb
n

bt
kn

) (2)

s.t.


∑K

k=1,k ̸=j Zt
kxt

kl + sx
l = xt

kl, l = 1, · · · , L

∑K
k=1,k ̸=j Zt

kxt
kl + sy

m = yt
kl, m = 1, · · · , M

∑K
k=1,k ̸=j Zt

kxt
kn + sb

n = bt
kn, n = 1 · · · , N

Zt
k ≥ 0, sx

l ≥ 0, sy
m ≥ 0, sb

n ≥ 0, k = 1, · · · .K


xt

kl, yt
kl,b

t
kn respectively denote the values of the k-th DMU for the l-th input, m-th

desirable output, and n-th undesirable output in period t. The slack variables Sx
1, Sy

m,
Sb

n, are used to measure inefficiency in inputs and outputs. If a slack variable is greater
than zero, it indicates that production has not reached its potential level. Specifically:
Input slack implies that inputs can be reduced without affecting output levels. Desirable
output slack suggests room for increased production. Undesirable output slack reflects
potential reductions in pollution or waste. Optimizing these slack variables can improve
DMU efficiency.

Following Li et al. (2018) [37], this study constructs a non-radial directional distance
function (NDDF) to evaluate urban green competitiveness. As shown in Table 1, we assign
equal weights to all input–output factors in the absence of prior information. To isolate
inefficiencies in capital and labor, their weights are set to 0, while weights for desirable
output, energy input, and undesirable outputs are each set to 1/3. The super-efficiency
SBM model is then applied to calculate: (1) The potential expansion ratio of GDP; (2) the
possible reduction ratios for energy inputs and pollution emissions. The urban green
competitiveness index is formulated as:

UGCit =
1
2


(Eit−β*

E,itEit)
(Git+β*

G,itGit)
Eit
Git

+
1
6

 ∑
U=W,S,D

(Uit−β*
U,itUit)

(Git+β*
G,itGit)

Uit
Git

 (3)

Here, β∗
E, β∗

G, β∗
W, β∗

S, β∗
D represent the optimal solutions derived from the

super-efficiency SBM model. A higher value of these solutions indicates stronger
green competitiveness.
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Table 1. Evaluation index system for measuring urban green competitiveness.

Primary Indicator Secondary Indicator Measurement

Inputs

Labor (L) Citywide year-end employed population [38]

Capital stock (K) Calculated using the perpetual inventory method [39]

Energy (E) Electricity consumption of prefecture-level cities [40]

Desired outputs GDP (Y) Real GDP at constant 2005 prices (prefecture-level) [41]

Undesired outputs

Soot (D) Citywide industrial soot emissions [42]

Sulfur dioxide (S) Citywide industrial SO2 emissions [43]

Waste water (W) Citywide industrial wastewater discharge [44]

3.2.2. Core Independent Variable

This paper treats the “Broadband China” pilot policy as a quasi-natural experiment to
measure digital infrastructure development (DID). Cities designated as “Broadband China”
pilot zones are assigned a value of 1, while non-pilot cities are assigned 0.

3.2.3. Control Variables

To ensure the accuracy of policy effect estimation, this study controls for other factors
that may influence urban green competitiveness with reference to previous studies [45,46]:
(1) Education investment (EDU): Measured by the logarithmic ratio of education expen-
diture; (2) R&D investment (RDI): Measured by the logarithm of science and technology
expenditure; (3) urban pollution level (POL): Measured using sulfur dioxide (SO2) emis-
sions; (4) economic development level (GDP): Measured by per capita GDP; and (5) financial
development level (FID): Measured by the logarithm of year-end deposit and loan balances
at the provincial level.

3.3. Data and Sample

This study is based on a panel dataset of 285 prefecture-level cities in China covering
the period from 2005 to 2021. The primary data sources include the China City Statisti-
cal Yearbook, the China Statistical Yearbook, and the statistical yearbooks of individual
prefecture-level cities. Missing values are supplemented using interpolation methods. For
monetary variables, all values are deflated using price indices with 2005 as the base year.
Since city-level price indices are unavailable, the corresponding provincial-level indices are
used as proxies. To mitigate the influence of outliers on the regression results, all variables
are winsorized at the 1% level on both tails. Additionally, to address potential heteroscedas-
ticity, all monetary variables are transformed into logarithmic form. Descriptive statistics
for the key variables are presented in Table 2.

Table 2. Descriptive statistics of the main variables.

Variable N Mean SD Min Max

UGC 4845 7.624 0.905 5.585 9.610
DID 4845 0.155 0.362 0 1
EDU 4845 12.68 1.004 6.902 16.25
RDI 4845 9.727 1.730 3.526 15.53
GDP 4845 10.41 0.761 4.595 15.68
POL 4845 10.21 1.244 0.693 13.43
FID 4845 17.00 1.245 13.46 21.59
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4. Results
4.1. Baseline Regression Results

Table 3 presents the results of the baseline Staggered DID model. Column (4), which
includes both city and year fixed effects, serves as the baseline regression model. After
progressively introducing city and year fixed effects, the coefficient of digital infrastructure
development remains significantly positive at the 1% level, indicating that the “Broadband
China” policy significantly enhances urban green competitiveness. And the coefficient
suggests that cities implementing the policy of “Broadband China” achieve a 0.0307-unit
increase in green competitiveness compared to non-pilot cities, confirming Hypothesis H1.

Table 3. Results of baseline regression.

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

OLS FE FE FE

DID 0.0718 *** 0.0371 ** 0.0906 *** 0.0307 ***
(2.79) (2.30) (6.37) (3.16)

EDU 0.2174 *** 0.5458 *** −0.0095 0.0682 ***
(8.14) (26.57) (−0.38) (4.09)

RDI 0.1199 *** 0.0647 *** 0.0097 0.0492 ***
(10.30) (8.13) (1.34) (9.01)

GDP 0.1178 *** 0.4877 *** −0.0238 0.2112 ***
(6.89) (42.59) (−1.26) (16.98)

POL 0.2564 *** 0.1013 *** 0.0102 * 0.0204 ***
(37.52) (20.31) (1.93) (4.96)

FID 0.1386 *** 0.1858 *** 0.1278 *** 0.0266
(4.58) (8.31) (5.22) (1.45)

Constant −2.1526 *** −8.7225 *** 5.9347 *** 3.4860 ***
(−9.55) (−52.77) (37.85) (14.90)

City FE no yes no yes
Year FE no no yes yes

N 4845 4845 4845 4845
R2 0.585 0.858 0.920 0.970

Note: *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively, with t-values in parentheses.
Same below.

4.2. Robustness Checks
4.2.1. Alternative Measures of Digital Infrastructure Development

We attempt to establish a more comprehensive index system for measuring digital
infrastructure development, thereby replacing the core independent variable in the baseline
regression and conducting a renewed empirical analysis. Following the extant studies [45],
a multidimensional index system is constructed as shown in Table 4, which includes various
dimensions such as communication infrastructure, the level of optical fiber construction,
internet penetration rate, and the proportion of internet users. This comprehensive index
system aims to more fully and accurately capture the impact of digital infrastructure
development on urban green competitiveness. The results can be seen in Column (1) of
Table 5, which indicate that the role of digital infrastructure development in empowering
urban green competitiveness remains significant, verifying the robustness of the baseline
regression findings.

4.2.2. Sample Adjustment

The city sample we used in the baseline regression includes municipalities directly
under the central government, which may lead to biased estimation results due to ex-
cessive disparities in economic development and administrative hierarchies among the
sampled cities. Therefore, we exclude the samples of municipalities directly under the
central government and conduct the regression analysis to reduce the bias when ana-
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lyzing the development trends of urban green competitiveness. The results, as shown
in Column (2) of Table 5, indicate that the role of digital infrastructure development in
empowering urban green competitiveness remains significant and is consistent with the
baseline regression results.

Table 4. Index system of digital infrastructure development.

Primary Indicator Secondary Indicator Measurement Data Source

Digital infrastructure
development

Telecommunications
infrastructure

Total investment in information
transmission and computer fixed assets China Statistical Yearbook

Optical Network Density Length of long-distance optical fiber
cable per unit area of land China Statistical Yearbook

Internet Penetration
Number of internet users in each

province/Total number of residents in
each province

China Internet Network
Information Center’s annual

“China Internet Development
Statistical Report

Internet User Ratio Number of internet users/Total
population China Statistical Yearbook

Table 5. Results after variable substitution and sample adjustment.

Variables
(1) (2)

Variable Substitution Sample Adjustment

DID 0.095 *** 0.034 ***
(4.51) (3.48)

EDU 0.072 *** 0.071 ***
(4.36) (4.27)

RDI 0.046 *** 0.048 ***
(8.49) (8.89)

GDP 0.205 *** 0.219 ***
(16.37) (17.62)

POL 0.018 *** 0.021 ***
(4.50) (5.01)

FID 0.020 0.023
(1.10) (1.25)

Constant 3.644 *** 3.421 ***
(15.78) (14.69)

N 4560 4777
R2 0.971 0.968

Note: *** indicates significance at the 1% levels, with t-values in parentheses.

4.2.3. Dynamic Panel Model

To further validate the impact of digital infrastructure development on urban green
competitiveness, we extend the baseline regression model to a dynamic panel model.
Specifically, we employ both the Difference GMM (Arellano–Bond estimator) and System
GMM (Blundell–Bond estimator) approaches to re-estimate this relationship. The estima-
tion results, presented in Table 6, demonstrate that the regression coefficients for digital
infrastructure development remain significantly positive under both GMM methods. These
findings robustly confirm that digital infrastructure development exerts a significant posi-
tive effect on enhancing urban green competitiveness, thereby providing further empirical
support for baseline findings.
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Table 6. Results of dynamic panel model.

Variables
(1) (2)

Difference GMM System GMM

DID 0.049 ** 0.065 *
(2.47) (1.67)

EDU 0.073 *** 0.559 ***
(2.85) (5.95)

RDI 0.066 *** 0.074 ***
(5.83) (2.71)

GDP 0.202 *** 0.583 ***
(2.76) (5.84)

POL 0.034 *** 0.089 ***
(5.35) (4.12)

FID 0.078 0.383 ***
(1.50) (2.91)

Constant −11.691 ***
(−6.54)

N 4275 4560
Note: *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively, with t-values in parentheses.

4.2.4. Parallel Trend Test

A fundamental assumption of the difference-in-differences approach is that the
treatment and control groups must satisfy the parallel trends condition prior to policy
implementation-meaning urban green competitiveness should follow similar trends be-
tween the two groups before the “Broadband China” pilot policy. Following

UGC = π0 + ∑−8
k=−1 πkprek + ζCurrent + ∑3

k=1 πkpostk + πc∑ Controlit + µi + εt + δ (4)

The variables prek and postk represent the policy dummy variables before and after
the implementation of the “Broadband China” pilot policy respectively, while Current is the
policy dummy variable for the implementation period. The assignment rules are as follows:
For the 11 periods before policy implementation: when k ≤ −8, all are set to pre8 = 1,
otherwise prek = 1 else 0. For the 7 periods after policy implementation: when k ≥ 3, all
are set to post3 = 1, otherwise postk = 1 else 0. During the policy implementation year,
Current = 1, else 0.

Figure 3 shows the regression coefficients and 95% confidence intervals for a series of
policy dummy variables. As seen in Figure 3, before policy implementation, the coefficients
for urban green competitiveness are all statistically insignificant (not significantly different
from 0), indicating that the control and treatment groups followed parallel trends prior to
the policy implementation. This demonstrates that our study satisfies the parallel trends
assumption. Furthermore, after the policy implementation, we observed that the policy
effect of digital infrastructure development on urban green competitiveness has intensified
over time, demonstrating the dynamic impact of the policy.

4.2.5. DID Decomposition

Although the results of the baseline regression indicate that digital infrastructure
development can significantly enhance urban green competitiveness, and the parallel trend
test also supports this conclusion, the inconsistency in the years when different cities
implemented the “Broadband China” pilot policy, coupled with the time-dependent effects
of the policy, may prevent the use of a staggered difference-in-differences model from
completely eliminating estimation biases. Therefore, we adopt the DID decomposition
method proposed by Goodman-Bacon [47] and decompose the DID estimation coefficients
from the baseline regression into three components: the first group, the DID estimation
coefficients and weights between early “Broadband China” pilot cities as the treatment
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group and later pilot cities as the control group; the second group, the DID estimation
coefficients and weights between later “Broadband China” pilot cities as the treatment
group and early pilot cities as the control group; and the third group, the DID estimation
coefficients and weights between all cities that became “Broadband China” pilots as the
treatment group and cities that never participated in the program as the control group.
The second component is the root cause of deviations in the estimation results regarding
the green competitiveness effect of digital infrastructure development, as early pilot cities
had already implemented the “Broadband China” policy but were included in the control
group solely due to unchanged treatment status. The DID estimation coefficient from the
baseline regression represents a weighted average of these three component coefficients
and their respective weights, which are primarily determined by within-group conditional
variance and sample size. Group (1) corresponds to the first group, indicating the policy
effects and weights of the early-treatment group relative to the late-treatment group; Group
(2) corresponds to the second group, showing the estimation biases and weights between
the late-treatment group and the early-treatment group; Group (3) corresponds to the third
group, representing the policy effects and weights of the treatment group compared to the
control group.

 
Figure 3. Parallel trend test. Note: The real line shown in the figure has no practical meaning; the
dashed line represents the confidence interval.

The results of the DID decomposition are presented in Table 7. The second group
accounts for only 3.1% of the total weight, with a DID estimation coefficient of 0.006,
indicating the magnitude of the actual impact of deviations from “Broadband China” pilot
policies on urban green competitiveness. The third group carries the highest weight and
also exhibits the largest DID estimation coefficient, suggesting that the effect of digital
infrastructure development on urban green competitiveness is primarily driven by pilot
policies. After incorporating control variables, the magnitude of the time-varying impact of
digital infrastructure development on urban green competitiveness becomes observable;
the estimation bias stems from the interaction between these two groups (Group (2)),
although its contribution is relatively small. The time-varying group (Group (1)) contributes
approximately 11.3%, while Group (3) remains the dominant component with a weight of
83.8%. These findings do not contradict those of the baseline regression, thereby further
validating its robustness.
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Table 7. Results of the DID decomposition.

Group Without Control Variables With Control Variables
Weight DID Coefficients Weight DID Coefficients

The first group 0.077 −0.002
The second group 0.031 0.006
The third group 0.892 0.035

Group (1) 0.113 0.008
Group (3) 0.049 0.031
Group (2) 0.838 0.024

5. Further Studies
5.1. Mechanism Test

Based on the preceding theoretical analysis, this study employs a structural equation
modeling (SEM) approach to construct a multiple mediation model that simultaneously
incorporates three mediators: green technology innovation, industrial structure upgrading,
and economic agglomeration. The parallel multiple mediation model is specified as follows:

GTIit = α0 + a1DIDit + ∑ αjControl it + µi + vt + ζit (5)

L.INDAit = β0 + a2DIDit + ∑ β jControl it + µi + vt + ζit (6)

AGGit = γ0 + a3DIDit + ∑ γjControl it + µi + vt + ζit (7)

UGCit = θ0 + c′1DIDit + b1GTIit + b2L.INDAit + b3AGGit + ∑ θjControlit + µi + vt + τit (8)

The second equation uses industrial structure upgrading with a one-period lag as the
dependent variable, because previous findings show that industrial restructuring exhibits
creative destruction characteristics and its positive effect on urban green competitiveness
manifests with a time lag. Based on the coefficients from the above model, the mediation
effects for multiple pathways can be calculated. The calculation methods for mediation
effects, direct effects, and total effects are as follows:

Mediation effect = a1 × b1 + a2 × b2 + a3 × b3 (9)

Direct effect = c′ (10)

Total effect = a1 × b1 + a2 × b2 + a3 × b3 + c′ (11)

Columns (1)~(3) of Table 8 present the regression results of digital infrastructure de-
velopment on green technology innovation, industrial structure upgrading, and economic
agglomeration, respectively. The results demonstrate that the development of digital in-
frastructure can enhance green technology innovation, industrial structure upgrading, and
economic agglomeration, with the strongest effect observed on economic agglomeration.
Column (4) shows the regression results of digital infrastructure development on urban
green competitiveness after incorporating the three mediating variables. The findings
indicate that green technology innovation, industrial structure upgrading, and economic
agglomeration all contribute to the improvement of urban green competitiveness to varying
degrees, with economic agglomeration exhibiting the most significant promoting effect.
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Table 8. Results of mechanism test.

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

GTI L.INDA AGG UGC

DID 0.1313 *** 0.2252 *** 0.1565 *** 0.001
(3.32) (9.51) (3.08) (0.06)

GTI 0.110 ***
(11.80)

L.INDA 0.041 **
(2.41)

AGG 0.190 ***
(25.33)

EDU 0.3190 *** −0.0050 0.8374 *** 0.218 ***
(6.21) (−0.11) (12.96) (7.48)

RDI 0.5619 *** −0.0665 *** 0.7006 *** −0.020
(28.50) (−5.15) (27.99) (−1.59)

GDP 0.5696 *** −0.2135 *** 0.6937 *** 0.024
(19.79) (−6.74) (19.26) (1.23)

POL 0.0913 *** −0.0955*** 0.0457 *** 0.207 ***
(7.25) (−10.64) (2.91) (27.13)

FID 0.3801 *** 0.2938 *** −1.1586 *** 0.174 ***
(6.81) (6.77) (−16.46) (5.28)

Constant −18.2151 *** 0.5952 ** −11.2196 *** 0.245
(−43.98) (2.17) (−21.58) (0.86)

N 4845 4560 4845 4560
R2 0.817 0.559 0.490 0.716

Note: ** and *** indicate significance at the 5%, and 1% levels, respectively, with t-values in parentheses.

5.2. Heterogeneity Analysis
5.2.1. Heterogeneity in Government Intervention Intensity

To investigate whether the impact of digital infrastructure development on urban
green competitiveness differs across varying levels of government intervention, this study
categorizes all sample cities into low, medium, and high government intervention groups
and conducts separate regressions for each subgroup. Table 9 presents the regression
results of heterogeneity in government intervention intensity, showing the impact of digital
infrastructure development on urban green competitiveness under different levels of gov-
ernment intervention. The results demonstrate that the government plays a crucial role in
enabling digital infrastructure to enhance urban green competitiveness. Moderate govern-
ment intervention can balance the promoting effects of digital infrastructure (stimulating
corporate R&D innovation and generating “innovation compensation”) and its inhibiting
effects (diverting resources to pollution control, hindering technological innovation, and
preventing misuse and resource crowding-out), thereby fostering improvements in urban
green competitiveness. Hypothesis H3a is validated.

5.2.2. Heterogeneity in Regional Location

To examine regional variations in the impact of digital infrastructure development
on green competitiveness, we classified cities into three geographic groups: eastern, cen-
tral, and western regions, and conducted separate regression analyses for each subgroup.
Table 10 presents the regional heterogeneity regression results. The results show that the
construction of digital infrastructure development can promote the green competitive-
ness of cities in the east, central, and western regions. Moreover, the promoting effect
of digital infrastructure development on the green competitiveness of western cities is
more pronounced, followed by eastern and central cities. The main reasons are twofold:
on one hand, the western regions, leveraging the “East Data West Computing” policy
and advantages in hydropower and geography, have amassed a large amount of digital
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infrastructure, becoming major producers of data elements. They have rich experience in
the green development applications of digital infrastructure, which significantly enhances
green competitiveness. On the other hand, although eastern cities have fewer digital in-
frastructures, they have rapidly completed digital transformation due to their economic
advantages, achieving a high degree of digitalization. The rapid spread of digital technol-
ogy within the industrial chain gives them a latecomer advantage, and their impact on
enhancing green competitiveness is second only to that of the western regions. Hypothesis
H3b is thus confirmed.

Table 9. Results of heterogeneity analysis based on government intervention intensity.

Variables
(1) Low Government

Intervention
(2) Medium Government

Intervention
(3) High Government

Intervention
UGC UGC UGC

DID −0.0194 ** 0.0464 * 0.0108
(−2.03) (1.89) (0.91)

EDU 0.0547 *** 0.0447 0.0929 ***
(3.54) (1.46) (5.23)

RDI 0.0199 *** 0.0330 *** 0.0462 ***
(3.55) (2.90) (7.10)

GDP 0.2340 *** 0.1695 *** 0.3092 ***
(14.33) (8.02) (15.33)

POL 0.0061 0.0200 ** 0.0025
(1.32) (2.54) (0.55)

FID 0.1455 *** 0.1585 *** 0.1077 ***
(5.93) (4.45) (3.98)

Constant 2.2474 *** 1.5802 ** 0.9340 **
(5.70) (2.38) (2.04)

N 1589 1527 1593
R2 0.993 0.951 0.988

Note: *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively, with t-values in parentheses.

Table 10. Results of heterogeneity analysis based on regional location.

Variables
(1) Eastern Region (2) Central Region (3) Western Region

UGC UGC UGC

DID 0.0335 ** 0.0214 0.0648 ***
(2.00) (1.14) (4.35)

EDU 0.1483 *** 0.0266 0.0836 ***
(4.99) (1.30) (3.08)

RDI 0.0630 *** 0.0114 0.0208 **
(6.56) (1.06) (2.29)

GDP 0.2203 *** 0.0467 *** 0.3484 ***
(7.58) (2.92) (13.78)

POL 0.0074 0.0136 ** 0.0210 ***
(0.92) (2.17) (3.07)

FID 0.0310 0.1947 *** 0.0249
(0.74) (5.90) (0.87)

Constant 2.6140 *** 2.8185 *** 2.0748 ***
(3.55) (4.80) (4.11)

N 1479 1887 952
R2 0.965 0.978 0.959

Note: ** and *** indicate significance at the 5%, and 1% levels, respectively, with t-values in parentheses.

6. Conclusions and Discussion
This study systematically examines the impact of digital infrastructure development on

urban green competitiveness using panel data from 285 Chinese cities. A multidimensional
evaluation framework for urban green competitiveness is constructed, and a staggered
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difference-in-differences (SDID) model is employed to analyze the underlying mechanisms.
The key findings are as follows: First, digital infrastructure development demonstrates a
significant positive effect on enhancing urban green competitiveness. Second, this effect
operates through three synergistic pathways: green technology innovation, industrial
structure upgrading, and economic agglomeration, with economic agglomeration showing
the strongest impact. Third, heterogeneity analysis reveals that: (i) moderate government
intervention optimizes policy effectiveness; (ii) western cities benefit the most due to
advantages from the “East Data, West Computing” project; and (iii) eastern cities also
achieve notable results through digital transformation. From urban planning perspectives,
these statistical findings reflect real spatial restructuring driven by digital networks. Varied
policy effects stem from differences in urban layout and governance coordination. Digital
tools also facilitate public environmental participation to boost urban green performance.

Based on the research results mentioned above, this paper puts forward the following
policy recommendations: First, utilize policy measures to further increase investment in
digital infrastructure development, enhance the level of digital industrialization, and solid-
ify the foundation of digital infrastructure. Planners should invest in digital infrastructure
regionally: western areas build computing networks, and eastern and central areas upgrade
facilities. Second, integrate the mechanisms of action, making full use of the significant role
of digital infrastructure in green technology innovation, industrial structure upgrading,
and economic agglomeration, thereby achieving better ecological efficiency. Governments
can cluster low-carbon high-tech industries in industrial parks to develop distinct green
models. Third, continuously optimize and refine the construction pathways of digital
infrastructure, adapting to local conditions and varying according to needs, and progres-
sively advancing the comprehensive coverage of digital ecological civilization construction.
Policymakers should pursue a market-driven green transition with moderate regulation
and region-specific industrial policies.

This paper also has certain limitations. Specifically, this study is constrained by the
time window for policy evaluation and challenges in measuring green competitiveness.
Future research could extend the observation period to assess long-term effects, incorporate
firm-level microdata, and develop dynamic computable general equilibrium (CGE) models
for more comprehensive and precise conclusions.
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