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Abstract

The rapid development of new-generation information technologies, such as cloud comput-
ing, artificial intelligence, big data, and blockchain, is profoundly reshaping production and
lifestyles, with regional development patterns. This study employs text analysis to extract
the policy adoption timeline of cloud computing from official documents and constructs a
quasi-natural experiment framework. First, spatial autocorrelation and hotspot analysis
reveal significant spatial dependence in the urban green total factor productivity (GTFP).
Accordingly, using panel data of 284 Chinese cities from 2000 to 2023, we apply a spatial
difference-in-differences (SDID) model to empirically examine the impact of cloud com-
puting on the urban GTFP. The results show that, first, the adoption of cloud computing
significantly enhances the local GTFP, but simultaneously suppresses neighboring cities’
GTFP through the siphon effect, thereby generating negative spatial spillover effects. These
findings remain robust across parallel trend tests, placebo tests, and multiple robustness
tests. Second, mechanism analysis indicates that improved resource allocation efficiency
and strengthened green innovation are the two core channels through which cloud com-
puting promotes GTFP. Third, heterogeneity analysis reveals that cloud computing exhibits
stronger siphon effects in smaller cities, generates significant positive spatial spillover
effects in coastal regions, and effectively fosters GTFP growth within urban agglomerations,
while exerting limited influence on non-agglomerated areas. Moreover, industrial agglom-
eration further amplifies the positive impact of cloud computing on GTFP. Additionally,
from the perspective of regional policies, this study finds that promoting the integrated
development of urban agglomerations, reducing administrative monopoly, facilitating
free factor mobility, and advancing urban international economic activities are effective
pathways to mitigate the siphon effect of cloud computing on the urban GTFP. Based
on these findings, this study offers targeted policy recommendations to leverage cloud
computing for advancing green and high-quality urban development.

Keywords: green total factor productivity; cloud computing; spatial difference-in-
differences approach; resource allocation; green innovation

1. Introduction

China is currently advancing into a critical stage of deeply integrating its “dual car-
bon” goals with new-type urbanization, where green total factor productivity (GTFP) has
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emerged as one of the critical metrics for high-quality development and green transforma-
tion [1-3]. Unlike traditional total factor productivity, which focuses solely on economic
output efficiency, GTFP incorporates environmental costs such as resource consumption
and carbon emissions into its accounting framework [4], making it more aligned with
urban green and low-carbon development. Therefore, enhancing the urban GTFP not
only alleviates constraints from scarce factors such as land and energy and promotes the
upgrading of industrial structures toward low-carbon and green orientations, but also
provides sustainable momentum for new-type urbanization. It represents a core pathway
to achieving green and low-carbon economic transformation and advancing high-quality
economic development [5].

Given the significance of the GTFP, numerous studies have analyzed its influencing
factors. On the one hand, the existing literature has identified the promotional effects on
the GTFP of tourism industry development [6], environmental regulation [7], industry ag-
glomeration [8], transportation infrastructure [9], climate risk [10], green credit [11], climate
policy uncertainty [12], and green bonds [13]. On the other hand, with the development
of new-generation information technologies such as artificial intelligence, big data, cloud
computing, and blockchain, unprecedented changes have occurred in technology break-
throughs, people’s lives, and economic and social development [14-17]. Therefore, many
scholars have emphasized the promotional role of the digital economy on the GTFP [18,19].
Specifically, existing research has indicated that digital finance [20], input digitalization [21],
artificial intelligence adoption [22], government digital governance [23], FinTech [24], the
integration of digital and real economies [5], big data [2], digital transformation [25,26],
digital trade [1], and digital inclusive finance [27] can enhance the GTFP.

With the rapid development of cloud computing over the past decade, research on
cloud computing has become a topic of significant interest [28]. Cloud computing has
evolved alongside the gradual development of the internet and related technologies, en-
compassing past technologies and concepts such as grid computing, parallel computing,
virtualization technology, and service-oriented architecture [29]. It can also reduce enter-
prise data storage costs, increase storage capacity, and provide a highly scalable computing
model [30]. Overall, cloud computing has exerted a profound impact on socioeconomic
development. For instance, Katz and Jung (2024) [31] highlighted the positive impact of
cloud computing adoption on the economic output in OECD countries. Al-Azzawi and
Kaya (2021) [32] determine that cloud computing offers significant advantages in improving
firm performance, with such improvements achieved through enhanced organizational
agility and human resource development. Floerecke et al. (2021) [33] evaluated the role
of cloud computing in ecosystem models. Hasimi Sallehudin et al. (2021) [28] investi-
gate the key factors in the implementation of cloud computing in the public sector and
determine that its practical application remains at a low level. Moreover, some studies
demonstrates the positive effect of cloud computing on firms’ learning capabilities [29],
expected performance [34], and innovative activities [35].

To summarize, on the one hand, the existing literature has extensively discussed the
impacts of new-generation information technologies on various aspects of socioeconomic
development and identified multiple factors influencing the development of green total
factor productivity (GTFP). However, related research on how cloud computing specifically
affects urban GTFP remains insufficient, and the literature exploring the internal mecha-
nisms through which new information technologies such as cloud computing influence
GTFP remains inadequate. By analyzing the impact of cloud computing on urban GTFP
and its underlying mechanisms from the perspective of the development of new-generation
information technologies, this study not only enriches the relevant theories on “digital
information technology and urban green development” but also provides a scientific basis
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for cities to formulate practices for digital development and green transformation, thus
holding significant theoretical and practical importance.

This study develops a quasi-natural experimental framework based on the timing
of cloud computing adoption across 284 Chinese cities from 2000 to 2023, employing a
spatial difference-in-differences model to assess its impact on urban green total factor
productivity (GTFP). The results indicate that cloud computing not only enhances the
GTFP, but also generates a siphoning effect that negatively influences neighboring cities.
Mechanism analysis shows that improved resource allocation efficiency and strengthened
green innovation are the key pathways through which cloud computing fosters GTFP.
Heterogeneity analysis further reveals that the impacts are more pronounced in small
cities, coastal regions, and urban agglomerations, with industrial agglomeration amplifying
the positive role of cloud computing. Furthermore, from the perspective of regional
policies, this study demonstrates that promoting the integrated development of urban
agglomerations, reducing administrative monopoly, facilitating free factor mobility, and
advancing urban international economic activities are effective pathways to mitigate the
siphon effect of cloud computing on urban GTFP.

This study contributes to the literature in three ways. First, it incorporates cloud
computing into the analytical framework of the GTFP, and by applying a spatial difference-
in-differences (SDID) model to panel data, it identifies the causal impact of cloud computing
on urban green development from a spatial perspective, thereby advancing research on
the integration of digital technologies and green growth. Compared to existing studies
that often use composite indicators to measure the level of the digital economy, this study
focuses on specific information technology applications and accurately identifies the unique
role of cloud computing in the development of the digital economy. This study advances
the analysis of the digital economy at a more granular level, not only revealing the mecha-
nism through which cloud computing affects economic operations but also providing an
important complement to research on the relationship between new-generation information
technology applications and environmental economics. By examining cloud computing at
the city level, this study explores the internal pathways through which the digital economy
affects environmental economics, offering new insights for the construction of urban cloud
computing and providing useful references for unraveling the “black box” of the interaction
mechanism between cloud computing and environmental economics. Second, the digital
economy has systematic and complex impacts on economic development. This study not
only analyzes the direct effect of cloud computing on local city GTFP but also incorporates
spatial interaction effects into the analytical framework, comprehensively measuring the
integrated impact of new-generation information technology on environmental economics.
By introducing spatial spillover mechanisms, this study reveals the externality effects of
cloud computing in promoting the improvement of the regional GTFP, indicating that
new-generation information technology can not only optimize local resource allocation
efficiency but also facilitate coordinated development in surrounding areas through the
diffusion of information and technology. Further, combining spatial econometric models,
this study examines the spatiotemporal coupling relationship between cloud computing
applications and environmental economic performance from a dynamic evolution per-
spective, providing new empirical evidence and policy implications for understanding
the mechanism through which the digital economy functions in regional green transfor-
mation. Third, it identifies resource allocation efficiency and green innovation as the core
transmission channels, while highlighting the heterogeneous impacts shaped by the city
size, locational conditions, and industrial agglomeration. These findings provide practical
insights for formulating place-based strategies that leverage digital technologies to promote
green development.



Sustainability 2025, 17, 9828

4 0f 38

The remaining sections of this paper are structured as follows: in Section 2, we present
the theoretical framework; Section 3 includes the research design; Section 4 provides
the empirical results; Section 5 presents the mechanism analysis and further discussion;
Section 6 concludes with the main findings and policy recommendations.

2. Theoretical Framework
2.1. Cloud Computing and Urban Green Total Factor Productivity

Under the dual constraints of the digital economy, cloud computing technology has
exerted a long-term and nonlinear “butterfly effect” on the low-carbon economy, with
its environmental incentive effects emerging as a key driver of fluctuations in ecosystem
carbon emissions [36]. On the one hand, due to the efficient data processing capabilities of
cloud computing [37], it can facilitate the data-driven intelligent management of energy sys-
tems. Through real-time data analysis and demand forecasting, it optimizes the allocation
efficiency of energy factors, further constraining energy consumption and reducing carbon
emission intensity [38,39]. On the other hand, cloud computing provides critical support
for clean energy development, enhancing the dispatching capabilities of solar and wind
power generation and reducing grid integration difficulty and utilization costs [40,41]. This
accelerates the substitution of traditional fossil energy sources, thereby reducing carbon
emissions and achieving green and low-carbon development. Meanwhile, cloud computing
facilitates the gradual evolution of the industrial structure in a low-energy-consumption
direction, promoting low-carbon economic growth [42]. Over the long term, the diffusion of
cloud computing can promote the green and low-carbon transformation of manufacturing
industries and green economic development through transforming production patterns, re-
shaping employment structures, and driving technological innovation [43-45]. In summary,
leveraging its advantages in information processing, cloud computing not only alleviates
energy consumption challenges but also promotes low-carbon industrial transformation
and drives green and sustainable economic development, emerging as a digital enabler
for low-carbon transformation. By advancing the green and low-carbon development of
the economy, cloud computing can directly enhance urban green total factor productivity.
Therefore, this study proposes Hypothesis 1.

Hypothesis 1. Cloud computing exerts a promotional effect on urban green total factor productivity.

2.2. Cloud Computing and Green Innovation

The existing literature indicates that the digital economy exerts a significant promoting
role in green technological innovation [23,46,47]. First, by constructing open and shared
digital infrastructure, cloud computing has significantly reduced knowledge acquisition
barriers and collaboration costs for technological innovation [48]. On the other hand, cloud
computing possesses capabilities in aggregating and intelligently analyzing data resources;
through cloud platforms, it can integrate scattered data resources, achieve the factorization
of data, and promote enterprise innovation [17]. Additionally, cloud computing features
cross-domain collaborative functions [37]. By leveraging collaborative development envi-
ronments and open-source algorithm libraries, this approach facilitates knowledge sharing
among industry, academia, and research institutions, accelerates technology diffusion, and
enables knowledge spillovers [3]. Meanwhile, with the development of artificial intelligence
and the digital economy, there is an increasing need for coordinated development between
the economy, society, ecology, and energy [49]. As a critical component of innovation, low-
carbon green technological innovation enables the collaborative R&D of green innovation
and technologies via cloud computing-based platforms. This accelerates the iteration and
diffusion of green technologies, driving breakthroughs in and the application of urban
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green technologies such as clean energy technologies [40,41]. Therefore, cloud computing
enables diverse economic entities to access green technologies at low cost, breaking through
information silos and resource constraints in green innovation, and promoting the output
of green patents and the application of green technologies. By converting the hardware
investments required for enterprise innovation into variable costs [48], cloud computing
significantly lowers the R&D thresholds for green technologies among small enterprises
and research institutions. Enterprises can utilize cloud computing power to conduct carbon
emission simulations and clean energy optimization experiments, advancing substantive
innovation without the need to build high-performance computing centers, thereby directly
improving the efficiency of green technology R&D. Through green innovation and green
technologies, resource conservation and efficient utilization are facilitated, thereby improv-
ing the green total factor productivity (GTFP) [50]. Overall, cloud computing facilitates
the dissemination and collaboration of knowledge, enables knowledge spillovers, and
promotes green innovation. Knowledge spillovers and green technological innovation,
in turn, further enhance urban green total factor productivity. Thus, this work proposes
Hypothesis 2.

Hypothesis 2. Cloud computing can promote knowledge spillovers, drive breakthroughs in green
innovation, and thereby enhance green total factor productivity.

2.3. Cloud Computing and Resource Allocation Efficiency

The digital economy enhances labor skill levels and promotes factor productivity
improvement [21]. The efficient computational capabilities of cloud computing, through
optimizing factor allocation and promoting intensive factor use, establish a critical pathway
for enhancing green total factor productivity. By leveraging distributed data processing ca-
pabilities, cloud computing breaks through spatiotemporal constraints on traditional factor
flows, enabling cross-entity and cross-process matching of capital, labor, and data. Enter-
prises no longer need to allocate substantial capital to computer hardware resources, which
reduces capital expenditure and improves capital utilization efficiency [49]. Meanwhile,
cloud computing and other information technologies optimize production processes [51],
monitor and refine the input structure of various factors in real time [14], and enhance
the effective allocation of factors. At the labor and human capital level, cloud computing
drives the agglomeration of labor in high-efficiency sectors. Automated computing power
can be substituted for repetitive labor, promote the accumulation of human capital, and
optimizes the structure of the workforce. Through cloud-based R&D platforms, enterprises
can share employees’ knowledge, skills, and experiences, facilitating talent development
and enhancing efficient communication among human resources [32]. Employees can ac-
cess platforms anytime to boost work efficiency [31]. On the other hand, cloud computing
collaboration platforms can reduce knowledge transfer costs [49]., accelerate the diffusion
of environmental protection technologies and energy-saving processes, and elevate the
green production skills of the overall workforce. This resource allocation efficiency not
only improves labor productivity but also reduces resource waste and pollution emissions,
thereby promoting green and low-carbon economic growth. In summary, by enhancing the
precision of resource allocation efficiency, cloud computing improves production efficiency
while reducing environmental burdens, ultimately driving systemic enhancements in green
total factor productivity. Thus, this study proposes Hypothesis 3.

Hypothesis 3. Cloud computing can enhance the resource allocation efficiency, thereby improving
urban green total factor productivity.
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First, Figure 1 illustrates the diagram of the intrinsic relationship among the three hy-
potheses. On the one hand, Hypothesis 1 presents the main argument of this study, positing
that urban cloud computing can enhance urban GTFP. Then, through Hypotheses 2 and 3,
this study proposes two primary pathways through which cloud computing affects
GTFP. Consequently, after empirically validating Hypothesis 1, this study examines
whether the proposed mechanisms in Hypotheses 2 and 3 explain how cloud computing
influences GTFP.

Hypothesis 1: Cloud computing exerts a promotional

"""""""""" effect on urban green total factor productivity. 7T
N
- Hypothesis 2 | — — — — _ __ ___ N
\
Reduce knowledge Achieve data Conduct carbon Stimulate clean
acquisition barriers factorization emission simulations energy:
optimization

Address the growing
need for green
development

Develop green
technologies at
low cost

Facilitate

collaboration costs  knowledge sharing

|
|
|
1
| Reduce
\
[
L

Cloud computing

Technology diffusion and Green technological
knowledge spillovers innovation
Green total factors
Capital factor allocation Labor factor allocation productivity
r—- efficiency _——— efficiency F—
| 1 1 1 1 |
| Reducing capital Reduce hardware P"’"“’“"Q the Share employees' |
o B : accumulation of
penditure resource consumption e knowledge
| human capital |
. " Cross-entity and P
| Improving capital | | . ods Brocess capital Optimizing §
| utilization efficiency ﬁ\atching p P (PR e Boost work efficiency | /
| |
————————— Hypothesis 3 ~— — — —————— 4 e

Figure 1. Framework diagram of research hypotheses.

Second, Figure 2 presents the overall research framework diagram. As shown in
Figure 2, in phase 1, this study uses spatial DID to analyze the direct effects and spatial
effects of cloud computing on urban GTFP. Additionally, in phase 2, it examines the main
mechanisms through which cloud computing promotes GTFP by improving resource
allocation efficiency and enhancing green innovation.
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3. Research Design
3.1. Green Total Factor Productivity

In the studies of GTFP, scholars typically use labor, capital, and energy as input factors,
with economic output as the desirable output, while also accounting for undesirable outputs
such as pollution emissions. For example, some studies treat carbon emissions or pollutant
emissions as an undesirable output [3,12,52,53]. Currently, DEA models that account for
undesirable outputs include the Slacks-Based Model (SBM), the Super-Slacks-Based Model
(SSBM), and other variants. In the SBM model, situations may arise where the efficiencies of
multiple decision-making units (DMUs) are simultaneously scored as 1, which complicates
the evaluation of efficiency differences among DMUs. In contrast, the super-efficiency SBM
model allows efficiency scores to exceed 1, enabling comparable results across different
DMUs. Therefore, this paper employs the super-efficiency SBM model with undesirable
outputs to measure the GTFP of 284 Chinese cities. For the k-th decision-making unit, the
objective function is formulated as:

1+ Z‘41 1 xio
- 51+52 (Zk 1 yk Zl 1 ZIO)

0= min

s.t.

x > Z Ajxj— s, Vi
]

kO < ;1 /\]'y]' + Sk’ vk
n

zhy > » Ajzj —sj, Vi
=1

1 51 sy Sy SZ
Yy L4y L)>o0
ETEEAV= 1Yk 1=1210

s¥>0,s]>0,55>0, A >0,Vi,jkl

where p represents the efficiency value; x;y, zjg and y;o denote the input, undesirable output,
and desirable output vector elements of the decision-making unit (DMU), respectively;
s¥, SZ and sj represent the slack variables for inputs, desirable outputs, and undesirable
outputs; and A serves as the weight variable. m, s1, and s, denote the number of input,
desirable output, and undesirable output variables, respectively. In this study, the input
factors include labor input, capital input, and energy input. The desirable output is
measured as real GDP output with 2000 as the base year, and the undesirable output is
carbon dioxide emissions.

With reference to existing studies, the measurement of capital stock employs the
perpetual inventory method, using a depreciation rate of 10.96% [54-56]. The current
period’s capital stock is calculated as follows:

I
Kit = (1—0)Ki1 + o

Py (2)

where o represents the depreciation rate, K;; denotes the current period’s capital stock,
Kit—1 represents the capital stock of the previous year, I; ; denotes the current investment,
and P; ¢ represents the price index.

Since there are no unified energy statistical data for prefecture-level cities, and mu-
nicipal bureaus of statistics do not disclose energy consumption information according to
standardized criteria, this study, following the research of Fullerton Jr and Walke (2019) [57],
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S. Yang et al. (2025) [3] and Alhamwi et al. (2018) [58], uses total social electricity consump-
tion to represent the energy input of cities.

3.2. Spatial Statistic Method
3.2.1. Spatial Weight Matrix

The spatial weight matrix, W, captures the interconnections between urban entities
and is structured as an n X n matrix:

W11 W12.. . W1
W21 W22.. . Wopn

Wn1Wn2...Wnn

where N denotes the number of cities, and it represents a time-invariant spatial weight
matrix. To analyze the impact of cloud computing on neighboring cities, this paper uses a
spatially proximate spatial weight matrix. The elements wyj; of the spatial proximity matrix
W01 are defined as follows:

1, Ifcityiand city j are geographically adjacent
wij = (4)

0, If city i and city j are not geographically adjacent

Additionally, this study further incorporates an economic weight matrix and adopts a
time-varying spatial weight matrix, building upon the spatial proximity matrix. Consider-
ing the time-varying characteristics of economic and population changes, the element wi;
in the spatial proximity matrix at time t is defined as follows:

Wi — {w, If city i and city j are geographically adjacent )

0, If city i and city j are not geographically adjacent

where Yj; and Yj represent the economic variables of city i and city j, respectively; in this
study, the time-varying spatial weight matrices are calculated separately as WCPP and
WFOP using city GDP and city population.

3.2.2. Hot Spot Analysis

To examine spatial dependencies among economic variables, this study employs the
Getis-Ord Gi hot-spot analysis to identify clustering patterns in spatial data. This method
allows for visual observation of the spatial agglomeration of GTFP across cities. For a
given city i, we first calculate the spatial term of }_; wj;x; with its neighboring cities. Next,
standardized calculations are performed.

o Y wijxj — X} wij
i =
2
ny wh— (X ;)
T

n—

(6)
S

where X;j represents the GTFP of city j; X = % denotes the mean of the GTFP, and S
represents the standard deviation of GTFP. w;; is the spatial adjacency weight matrix, and
n is the number of cities. The computed score of G; indicates: if G; > 0, it signifies a hot
spot, meaning there is a positive spatial correlation between the local GTFP and the GTFP
of neighboring cities, where cities with the higher GTFP values cluster together. If G; < 0, it
indicates a cold spot, where cities with the lower GTFP values cluster together.
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3.2.3. Moran Index

The Moran index is an important indicator for measuring spatial correlation, which
can be used to characterize the spatial autocorrelation of the GTFP. The measurement
method is as follows:

n Z?:l 27:1 wij (xi - Y) (X] o X) (7)
im1 Lim1 Wij L(xi—X)"

Moran’s I =

Here, x; and x; denote the GTFP of city i and city j, respectively; n represents the
number of cities; w;; represents the spatial linkage between city i and city j, which is an
element of the spatial weight matrix; and X denotes the mean value of the urban GTFP.
Moran’s I > 0 indicates a positive spatial autocorrelation of the urban GTFP; Moran’s I < 0
indicates a negative spatial autocorrelation of the urban GTFP; and Moran’s I ~ 0 suggests
no significant spatial correlation of urban GTFP.

3.3. Spatial Difference-in-Differences Approach
3.3.1. Spatial Durbin Difference-in-Differences Model

With the implementation of cloud computing across various cities, this process has
gradually evolved into a quasi-natural experiment. To analyze the impact of cloud comput-
ing on the urban green total factor productivity (GTFP), this study constructs a difference-
in-differences (DID) model. The implementation of urban policies generates not only
direct impacts on the host city but also induces significant spillover effects on neighboring
regions. For instance, Polyviou et al. (2024) [59] demonstrate that geographic proximity
constitutes a critical determinant during cloud computing adoption processes. C. Chen
et al. (2023) [46] further identify the spillover mechanisms of digital economy develop-
ment. Recent empirical studies also highlight the spatial diffusion effects of the digital
economy on GTFP [3,18]. Consequently, the spatial spillover effects on GTFP cannot not
be ignored [9]. Hence, considering the spillover effects of urban cloud computing, this
study incorporates spatial factors into the DID model and constructs the Spatial Durbin
difference-in-differences model (SDM-DID):

m m

GTFPj; = o + pWGTFPy + BTreat; x Post; + Y_ v Xji + B" WTreat; x Poste + Y v}" WXy +ui +ve +e¢  (8)

=1 1=1

where uj, vi, and ¢;; denote the city-level individual effect, time effect, and random error
term, respectively; W is the spatial weight matrix.

GTFP;j; denotes the green total factor productivity of city i at time t. WGTFP;, repre-
sents the spatial lag term of the independent variables, capturing the influence of GTFP
from other cities on city i.

Treat; x Post; is the core policy variable. This paper employs text analysis to extract
the policy adoption timeline of cloud computing from official documents and constructs a
quasi-natural experiment framework. As cloud computing continues to proliferate, this
study defines the establishment of a city’s first cloud computing service center as the
policy timing for cloud computing adoption, classifying cities that established such centers
as the treatment group. For example, Beijing established the Beijing Super-computing
Cloud Center in 2011, which provides cloud computing services. Therefore, we designated
2011 as the policy timing for Beijing’s cloud computing implementation. The earliest
cloud computing service center in Tianjin is the National Super-computing Center Tianjin,
which officially launched commercial computing power services in 2012. Therefore, we
designated 2012 as the policy timing for Tianjin’s cloud computing. Specifically, if city i
belongs to the treated group (i.e., adopts cloud computing), Treat; = 1; otherwise, Treat; = 0.
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If city i deploys cloud computing in year t, Post; = 1 for year t and all subsequent years.
Thus, Treat; x Post; = 1 indicates that cloud computing was adopted in city i in year t.
WTreat; x Post; represents the impact of cloud computing adoption in other cities on city i,
capturing the spatial spillover effects of cloud computing policies. The coefficient of 3%
quantifies the magnitude of these spatial spillover effects.

Y12, viXiie denotes a series of control variables, including: Government behavior
(gove, the proportion of government expenditure to GDP); Industrial development (R2,
the proportion of secondary industry); Urbanization rate (urban, the proportion of urban
population to total population); Labor-capital ratio (LK, the logarithm of the ratio of labor to
capital); Demographic factor (Inpop, the logarithm of population size); Regional consump-
tion level (consump, the logarithm of urban retail sales of consumer goods); Educational
development (Inedu, the logarithm of the number of secondary schools in the city). Addi-
tionally, this paper uses the big data comprehensive pilot zone policy (Dpigdata) to control
for the impact of big data infrastructure development and the sponge city construction pilot
policy (Dsponge) to account for the effects of urban construction. } 2 v}¥ WXy; represents
the impact of explanatory variables from other cities on the current city.

If the model excludes the spatial terms of the ), v)*WXj;; and WTreat; x Postt,
Equation (8) is referred to as a spatial autoregressive model (SAR).

3.3.2. Spatial Autoregressive Event-Study Model

In this study, we use the Spatial autoregressive event-study model (SAR-event-study)
to analyze the dynamic effect of cloud computing [60]:

m
GTFP;; = o + pWGTFP;; + Z ®jTreati X POStt,j + Zylxlit + U + Vi + € 9)
1=1

je{-m,..,—2,—1,0,1,2,...,n}

Ifj >0, Treat; x Post;_; denotes that city i is in the j-th year before the policy implemen-
tation; if j < 0, it indicates that city i is in the j-th year after experiencing the policy shock.

3.3.3. The Model of Mechanism Analysis

This study employs the Spatial Autoregressive difference-in-differences (SAR-DID)
model to conduct mechanism analysis:

m
Mt = o+ pWGTFP;j; 4 BTreat; x Poste + Y v1 X + i + Vi + i (10)
1=1

M;; is the mechanism variable, primarily comprising urban knowledge spillover
(spillover ), green invention patents (Green_Innol, the logarithm of the value after incre-
menting by 1) and green new-type utility model patent innovations (Green_Inno2, the
logarithm of the value after incrementing by 1), labor factor distortion (Labor_Miss), capital
factor distortion (Capital_Miss), and overall factor distortion (Miss_All).

For the level of urban knowledge spillover, this study uses listed company data
to measure the knowledge spillover level of each enterprise within the city, then aggre-
gates these firm-level measures to the urban level to derive the urban-level knowledge
spillover. spillove;, represents the knowledge spillover received by firm i. The measurement
method is:

Net RD:
spillove, = ) d7]t (11)
=Lz Y

where N, denotes the number of enterprises in city c at time t, RDj; represents the number
of R&D personnel in enterprise j, and dij denotes the geographical distance between
enterprise i and enterprise j. Using Equation (10), we measure the level of knowledge
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spillover exposure for enterprises within the city. Next, we aggregate and sum the firm-level
data at the city level to obtain the knowledge spillover level for city c:

Nt RD:
spillover, = In <Z Z dij]t> (12)

ieCj=1j#i

Second, this study employs factor misallocation to measure factor allocation efficiency,
where greater factor distortion indicates lower factor allocation efficiency. Following the
approaches of previous studies [61-64], we measure urban labor factor distortion (La-
bor_Miss), capital factor distortion (Capital_Miss), and overall factor distortion (Miss_All).

3.4. Data

First, this study manually compiles policy variables related to the implementation of
urban cloud computing. Using authoritative documents such as reports and announce-
ments published on government websites, we manually collected the timing of urban cloud
computing deployment and developed a difference-in-differences (DID) policy dummy
variable. Second, this study is based on the panel dataset of 284 Chinese cities from
2000 to 2023. Raw data sources comprise the China City Statistical Yearbook and statistical
bureaus of various regions. Third, urban green innovation data were sourced from the
CNRD research data service platform. Fourth, raw data of listed companies used in this
study is obtained from the CSMAR database. Table 1 presents the descriptive statistics of
the variables.

Table 1. Descriptive statistics.

Variable Obs. Mean SD Min Max
Panel A The data of basic result
GTFP;; 6712 0.89 0.06 0.57 1.06
Treat; x Post; 6947 0.24 0.43 0.00 1.00
gove 6898 0.17 0.11 0.01 0.68
urban 6947 38.47 24.34 10.01 100.00
R2 6939 45.24 11.57 13.55 74.73
LK 6712 1.32 0.09 0.89 1.79
Inedu 6941 2.98 0.74 0.00 5.44
Inpop 6939 5.83 0.74 2.85 7.19
consump 6941 14.86 1.78 11.68 18.03
Dsponge 6947 0.04 0.19 0.00 1.00
Dpigdata 6947 0.09 0.29 0.00 1.00
Panel B The data of mechanism analysis
spillover 5443 2.20 3.74 0.00 16.80
Green_Innol 6652 3.15 1.97 0.00 10.08
Green_Inno2 6652 3.53 1.89 0.00 9.30
Labor_Miss 6146 0.56 0.27 0.03 0.91
Capital_Miss 6712 0.93 0.08 0.68 0.99
Miss_All 6146 0.76 0.18 0.29 0.96
4. Result

4.1. Spatial and Temporal Distribution of GTFP

Figure 3 illustrates the spatiotemporal change trends of urban GTFP in China. First,
the distribution of urban GTFP in China exhibits a characteristic of being higher in southern
cities than in northern cities. From the perspective of the spatial change trends of urban
GTFP over the years, cities in so uthern regions, such as Zhejiang, Jiangsu, Fujian, and
Guangdong, generally maintain higher GTFP levels. In contrast, cities in northern regions,
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including Inner Mongolia, Gansu, and Shanxi, have comparatively lower GTFP (See the
detailed map of China’s administrative divisions in Figure A1). Second, urban GTFP shows
a certain degree of attenuation from east to west. Cities in eastern regions have higher GTFP
levels, whereas those in western regions, such as Inner Mongolia, Gansu, Guizhou, Sichuan,
and Yunnan, exhibit lower GTFP compared to their eastern counterparts. Third, GTFP
levels in different cities display certain fluctuations over time. For instance, GTFP in some
cities in Heilongjiang and Jilin (Northeast China) remained relatively high from 2000 to
2020 but declined after 2023. Similarly, GTFP in some cities in Inner Mongolia and Shaanxi
was relatively high from 2000 to 2015 but dropped to lower levels after 2020. Overall, urban
GTEFP in China demonstrates three key characteristics: higher values in the south than in
the north, higher values in the east than in the west, and certain temporal fluctuations.

Legend
|

‘d.’ N 0.821738 - 0.875320

10.875321- 0.903732

S NEPRN [T 0.858794 - 0.892149 L 0.903733 - 0.932521 ’ ;
¢ roga! 0892150 - 0.918780 £l o 0.932522 - 0.973552 / p,«ij
! | »5F 0.918781 - 0.959977 TR oo 10y e, 7
\ il I 0959978 - 1.02140 s 7s0Mil i [ No Data [ — R \
. L No Data

i ¢
f i ,ﬂ: Legend v > . -Q" Legend
i -, | M 0.785051 - 0.864166 i * o | WM 0569318 -0.707601
G._ T#o . |00 0864167-0.903238 W e 0.707602 - 0.739518
L 0.903239 - 0.931854 g 4 ! 0.739519 - 0.765422
;. _,;f‘f [ 0.931855 - 0.969836 “ 1| i [0 0765423 - 0.837989
(S B oosoa37-1o20s0 oGS b B 0837990 1.058170 o Lo L
! & [ | NoData \ ¥ .\ | No Data — NEC- =

Figure 3. The spatial and temporal distribution of GTFP.

4.2. Spatial Statistic Analysis of Green Total Factor Productivity
4.2.1. Hot Spots Analysis of Green Total Factor Productivity

Figure 4 presents the spatiotemporal change trend of the hot-spot analysis of GTFP
over the years using the spatial proximity matrix. From Figure 4, it can be observed that
between 2000 and 2005, the GTFP exhibited significant hot-spot clusters in southern coastal
regions such as Zhejiang, Fujian, and Guangdong Provinces. In these areas, cities with
high GTFP were surrounded by neighboring cities with relatively high GTFP. Subsequently,
from 2005 to 2018, the clustering pattern of high GTFP cities in southern regions gradually
weakened, while significant hot-spot clusters emerged in northeastern regions. Between
2020 and 2023, these high GTFP clusters primarily appeared in parts of Anhui, Jiangsu,
Zhejiang, Fujian, Guangdong, Jiangxi, as well as Sichuan, Chongqing, Hunan, Guizhou,
Yunnan, and Guangxi, where significant high GTFP agglomeration was observed. How-
ever, significant cold-spot clusters emerged in Hebei, Shanxi, Inner Mongolia, and Gansu,
where cities with low GTFP were clustered together, forming a spatial pattern of mutual
agglomeration of low-GTFP cities. During the period 2020-2023, northeastern regions
transitioned from hot spots to cold spots, with cities in these areas exhibiting lower GTFP
levels. Notably, in 2022, the cold-spot coverage extended across broader northern regions.
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Additionally, certain trends in the clustering patterns of urban GTFP can be identified:
extensive cold- and hot-spot clusters were observed in 2000, 2018, 2022, and 2023, whereas
the scope of these clusters decreased to some extent in 2005, 2010, and 2021.
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Figure 4. The hot-spot analysis of GTFP.

It can be noted that urban GTFP in southern coastal provinces displayed a pattern
of mutual agglomeration of high-GTFP cities, while northern cities formed clusters of
low-GTFP cities. Meanwhile, the spatial clustering patterns of urban GTFP exhibited
certain fluctuations, with transitions from hot-spot clusters to cold-spot clusters occurring
in different regions. Overall, urban GTFP across different years consistently demonstrated
spatial clustering patterns, indicating spatial correlations and mutual influences among
cities. Therefore, spatial factors will be further incorporated into the analytical framework
in the baseline regression of this paper.

4.2.2. The Moran’s Index of Green Total Factor Productivity

Table 2 reports the Moran’s I index for GTFP based on the spatial proximity matrix.
The estimation results indicate that Moran’s I values for GTFP are consistently positive,
with most being statistically significant at the 1% level. This demonstrates a significant
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positive spatial autocorrelation in urban GTFD, suggesting that a city’s GTEP level is closely
related to those of neighboring cities.

Table 2. The Moran index of GTFP.

Time Moran’s 1 p-Value Time Moran’s 1 p-Value
2000 0.267 *** 0.000 2012 0.107 *** 0.005
2001 0.265 *** 0.000 2013 0.101 *** 0.008
2002 0.256 *** 0.000 2014 0.117 *** 0.004
2003 0.230 *** 0.000 2015 0.154 *** 0.000
2004 0.217 *** 0.000 2016 0.153 == 0.000
2005 0.090 ** 0.018 2017 0.225 *** 0.000
2006 0.110 *** 0.004 2018 0.214 *** 0.000
2007 0.115 *** 0.003 2019 0.199 *** 0.000
2008 0.086 ** 0.023 2020 0.149 *** 0.000
2009 0.060 0.107 2021 0.105 *** 0.006
2010 0.106 *** 0.006 2022 0.100 *** 0.005
2011 0.105 *** 0.006 2023 0.143 *** 0.001

Note: *, **, *** denote statistical significance at 10%, 5%, and 1%, respectively.

To analyze temporal variations, the Moran’s I index exhibited a moderate decline
during 2000-2004. Then, except for relatively low values in 2008 and 2009, it fluctuated
between 0.1 and 0.15 from 2005 to 2014. Subsequently, between 2015 and 2018, the index
gradually increased from 0.154 to 0.214, reflecting strengthened spatial correlations among
cities” GTFP. From 2019 to 2023, the index first decreased to 0.1 before rising to 0.143.
Overall, while the Moran’s I index displays certain fluctuations, it consistently demonstrates
significant spatial autocorrelation throughout the study period.

4.3. Baseline Results

Table 3 presents the impact of cloud computing on urban green total factor productivity
(GTEP). The spatial Durbin-DID (SDM-DID) model is estimated with a binary spatial matrix
in Columns (1) to (4), a time-varying economic weight matrix in Column (5), and a time-
varying population weight matrix in Column (6). Column (1) reports the results of SDM-
DID without controlling for time and city fixed effects, showing that the coefficient of the
spatial term WTreat; x Post; is significantly negative. Column (2) includes city fixed effects,
while Columns (3) and (4) control for both time and city-level fixed effects. In Column (4),
the coefficient of Treat; x Post; for cloud computing is 0.004 and statistically significant at
the 1% level, and the the spatial term WTreat; X Post; is —0.0069, also significant at the 1%
level. In Columns (5) and (6), the time-varying economic and population weight matrices
show that the coefficient of Treat; x Post; remains statistically significant and positive,
while the coefficient of WTreat; x Post; remains statistically significant and negative. In
terms of the economic interpretation of the coefficient, the average growth of urban GTFP
during the sample period is 0.056. Meanwhile, the results in Columns (4)—(6) show that
the positive effects of cloud computing on urban GTFP are 0.00357, 0.0035368, and 0.00374,
respectively, accounting for 6.4%, 6.3%, and 6.7% of the total change in urban GTFP.
Urban GTFP is a holistic measure of intra-urban factor inputs, economic outputs, and
environmental performance, and its fluctuations are influenced by numerous economic
factors. The empirical results indicate that urban cloud computing adoption explains
over 6% of the variation in urban GTFP, suggesting significant economic implications and
establishing it as an import determinant of GTFP. In policy formulation aimed at promoting
urban GTFP growth, the impact of new-generation information technology must be fully
considered. Overall, the estimation results indicate two key findings: First, the coefficients
of non-spatial terms are all significantly positive, indicating that urban cloud computing
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significantly enhances GTFP. Therefore, using the spatial DID model, the construction of
urban cloud computing significantly promotes urban GTFP, and the results remain robust
under different spatial weight estimations. The findings from the baseline regression of
this paper fully support the argument of Hypothesis 1.

Table 3. The impact of cloud computing on urban GTFP.

m (2) 3) @ ] 6)
Wo1 Wo1 wo1 Wo1 \ wroP
GTFP GTFP GTFP GTFP GTFP GTFP
Treat; x Post; 0.00564 *** 0.00375 *** 0.00283 *** 0.00357 *** 0.00368 *** 0.00374 ***
(0.0016) (0.0011) (0.0011) (0.0011) (0.0011) (0.0011)
gove —0.0483 *** —0.113 *** —0.113 *** —0.109 *** —0.104 ***
(0.0070) (0.0076) (0.0073) (0.0073) (0.0072)
R2 —0.000654 *** —0.000443 *** —0.000386 *** —0.000372 *** —0.000422 ***
(0.000054) (0.000067) (0.000063) (0.000063) (0.000063)
urban —0.000237 *** —0.0000469 0.00000509 —0.00000433 —0.0000283
(0.000027) (0.000043) (0.000042) (0.000043) (0.000043)
LK 0.277 *** 0.121 *** 0.146 *** 0.155 *** 0.144 ***
(0.010) (0.010) (0.010) (0.010) (0.010)
Inedu —0.0190 *** —0.00999 *** —0.0122 *** —0.0135 *** —0.0127 ***
(0.0016) (0.0016) (0.0015) (0.0015) (0.0015)
Inpop 0.0252 *** 0.0373 *** 0.0370 *** 0.0362 *** 0.0333 ***
(0.0018) (0.0040) (0.0038) (0.0038) (0.0038)
consump 0.00918 *** —0.00329 *** —0.00287 *** —0.00223 ** —0.00308 ***
(0.00095) (0.00100) (0.0010) (0.0010) (0.00100)
Dsponge 0.0109 *** 0.0101 *** 0.0130 *** 0.0134 *** 0.0132 ***
(0.0025) (0.0019) (0.0018) (0.0018) (0.0019)
Dbigdata —0.0211 *** —0.00793 *** —0.00715 *** —0.00631 *** —0.00379 *
(0.0031) (0.0023) (0.0022) (0.0020) (0.0020)
WTreat; x Post; —0.0228 *** —0.0154 *** —0.0108 *** —0.00692 *** —0.00479 ** —0.00736 ***
(0.0027) (0.0021) (0.0025) (0.0025) (0.0019) (0.0018)
Wgove 0.116 *** 0.123 **+ 0.0600 *** 0.0298 *** 0.0197 *
(0.011) (0.012) (0.014) (0.011) (0.011)
WR2 0.000625 *** 0.000589 *** 0.000294 *** 0.000104 0.000190 **
(0.000094) (0.00011) (0.00011) (0.000091) (0.000091)
Wurban —0.000296 *** —0.000580 *** —0.000120 —0.0000953 —0.000126 *
(0.000051) (0.000067) (0.000092) (0.000076) (0.000074)
WLK —0.435 *** —0.0740 *** 0.0723 *** 0.0344 ** 0.0600 ***
(0.012) (0.016) (0.020) (0.016) (0.015)
Winedu 0.0356 *** 0.0110 *** 0.000916 0.00534 ** 0.00368 *
(0.0029) (0.0029) (0.0029) (0.0024) (0.0022)
Winpop —0.0616 *** —0.0578 *** —0.0528 *** —0.0450 *** —0.0366 ***
(0.0034) (0.0079) (0.0074) (0.0066) (0.0061)
Weconsump 0.0112 *** 0.00560 *** 0.00489 ** 0.00229 0.00483 ***
(0.0016) (0.0016) (0.0020) (0.0018) (0.0016)
WDgponge —0.0107 * —0.0175 *** —0.000875 —0.0000359 —0.00649 **
(0.0057) (0.0043) (0.0042) (0.0031) (0.0031)
WhDpigdata 0.0285 *** 0.0152 *** 0.0129 *** 0.00929 *** 0.00600 **
(0.0043) (0.0034) (0.0032) (0.0028) (0.0027)
o 0.720 *** 0.841 *** 0.293 *** 0.272 *** 0.222 *** 0.185 ***
(0.0090) (0.0073) (0.018) (0.018) (0.015) (0.015)
Time FE No No Yes Yes Yes Yes
City FE No Yes Yes Yes Yes Yes
Adj.R2 0.62 0.79 0.051 0.14 0.13 0.13
N 6704 6704 6712 6704 6704 6704

Note: *, **, *** denote statistical significance at 10%, 5%, and 1%, respectively. The values in parentheses are the

cluster standard errors.

development in neighboring cities on the local city. The significantly negative coefficient

Second, the spatial term of WTreat; x Post; captures the impact of cloud computing



Sustainability 2025, 17, 9828

16 of 38

indicates that the deployment of cloud computing in adjacent cities exerts a significant
negative spatial effect on the local region. The negative coefficient of WTreat; x Post;
suggests that cloud computing development in neighboring cities generates a significant
competitive effect (siphon effect). The construction of cloud computing within a city can
further absorb surrounding resources, and intensifies inter-city competition, leading to a
siphon effect. Finally, the spatial autoregressive coefficient p is positive and statistically
significant at the 1% level, indicating significant spatial effects in urban GTFP. This further
validates the findings from the hot-spot analysis and Moran’s I index.

4.4. Parallel Trends Test

The parallel trend test is a prerequisite for the credibility of the DID method, requiring
that no significant differences exist between the treated and control groups before policy
implementation. This paper uses a SAR-event-study method to analyze parallel trends.
Figure 5 presents the SAR-event-study results using the binary spatial matrix (the estimation
results using the time-varying economic weight matrix and time-varying population weight
matrix are provided in Figure A2). As shown in Figure 5, before the deployment of cloud
computing in cities, the estimated coefficients are close to zero and statistically insignificant,
indicating no significant systematic differences between the treated and control groups
before the policy intervention. As cloud computing development progresses in cities, the
estimated coefficients gradually increase, suggesting that cloud computing construction
has a sustained positive effect on the GTFP. Therefore, the overall results indicate that the
DID model satisfies the parallel trend assumption.

on
(e
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0.01
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o
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-0.01
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Figure 5. Parallel trends test. The vertical dashed line indicates the selection of the first pre-policy
period as the baseline for the event-study method.
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4.5. Placebo Test

For the placebo test, we constructed a placebo policy by randomly assigning units
to the treatment or control group. This process was repeated 500 times to generate the
distribution of the estimated placebo coefficients. Figure 6 presents the placebo test results
estimated using the binary spatial matrix (the estimation results using the time-varying
economic weight matrix and time-varying population weight matrix are provided in
Figures A3 and A4, respectively). Figure 6 shows that the placebo coefficients of both the
direct effect (Treat; x Post;) and the spatial effect (WTreat; x Post;) are different significantly
from the true values and are statistically insignificant. This indicates that the placebo policy
does not produce a systematic effect, which demonstrate that the benchmark results are
robust and pass the placebo test.

(a) Direct effect (b) Spatial effect
800 1 400 . -1
0.8 0.8
600 300
0.6 L
ey 2 2 0y
§ 400 g 2 200- E
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Figure 6. The Placebo test. (a) presents the placebo test of the coefficient for Treat; x Post:;
(b) presents the placebo test of the coefficient for WTreat; x Post;. The vertical red line represents the
estimated true value.

4.6. Robustness Test
4.6.1. Considering the Impact of Administrative Levels

Compared with regular prefecture-level cities, municipalities directly under the central
government in China have higher administrative levels and enjoy greater advantages in
resource access and policy support. Thus, to eliminate the potential influence of urban
administrative hierarchy on the policy effects of cloud computing, this study excludes
samples of municipalities and provincial capital cities for a robustness test. The estimation
results in Table 4 indicate that after this exclusion, the direct effect of cloud computing re-
mains significantly positive, and the coefficient of the spatial term WTreat; x Post; remains
significantly negative. Thus, the findings confirm that the conclusions of this study are
robust after controlling for the influence of administrative hierarchy.
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Table 4. Robustness text: considering the impact of administrative levels.
@ 2 (3) @ (5) (6)
wo1 Wo1 webrP wgpr WOP WFOP
Excluding Excluding Excluding Excluding Excluding Excluding
Samples of Samples of Samples of
Samples of .. Samples of .. Samples of ..
Municipalities Provincial Municipalities Provincial Municipalities Provincial
Capital Cities Capital Cities Capital Cities
Treat; x Post; 0.00316 *** 0.00265 ** 0.00320 *** 0.00260 ** 0.00323 *** 0.00257 **
(0.0011) (0.0011) (0.0011) (0.0011) (0.0011) (0.0011)
WrTreat; x Postt —0.00637 *** —0.0103 *** —0.00480 ** —0.00745 *** —0.00713 *** —0.00914 ***
(0.0025) (0.0025) (0.0019) (0.0019) (0.0018) (0.0018)
(0.0020) (0.0021) (0.0018) (0.0018) (0.0016) (0.0016)
Y 0.271 *** 0.248 *** 0.220 *** 0.204 *** 0.181 *** 0.181 ***
(0.018) (0.019) (0.015) (0.016) (0.015) (0.015)
X Yes Yes Yes Yes Yes Yes
WX Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes
City FE Yes Yes Yes Yes Yes Yes
Adj.R2 0.15 0.16 0.14 0.15 0.13 0.15
N 6609 6189 6609 6189 6609 6189
Note: *, **, *** denote statistical significance at 10%, 5%, and 1%, respectively. The values in parentheses are the
cluster standard errors. X is the control variable, and WX is the spatial term of the control variable.
4.6.2. Changing the Explained Variable
In the baseline regression, this study employs the super-SBM model to measure GTFP.
To enhance robustness, we replace the measurement approach with the SBM model without
super-efficiency and re-estimate the regression results. Table 5 shows that when GTFP
is measured using the SBM model, the coefficient of Treat; x Post; remains significantly
positive, and the estimated coefficient of WTreat; x Post; remains significantly negative.
These findings align with the baseline results, confirming the robustness of the study’s
core conclusions.
Table 5. Robustness test: changing the explained variable.
1) (2 (3) @ (5) 6)
Wo1 wo1 wgbrP wEprP WFOP W{OP
GTFP-SBM GTFP-SBM GTFP-SBM GTFP-SBM GTFP-SBM GTFP-SBM
Treat; x Post; 0.00357 *** 0.00353 *** 0.00314 ** 0.00364 *** 0.00373 *** 0.00371 ***
(0.0013) (0.0011) (0.0013) (0.0011) (0.0013) (0.0011)
WrTreat; x Post; —0.0108 *** —0.00693 *** —0.00286 —0.00468 ** —0.00814 *** —0.00710 ***
(0.0029) (0.0024) (0.0022) (0.0018) (0.0021) (0.0018)
4 0.260 *** 0.281 *** 0.210 *** 0.230 *** 0.168 *** 0.189 ***
(0.020) (0.018) (0.016) (0.015) (0.015) (0.015)
X No Yes No Yes No Yes
WX No Yes No Yes No Yes
Time FE Yes Yes Yes Yes Yes Yes
City FE Yes Yes Yes Yes Yes Yes
Adj.R2 0.036 0.15 0.034 0.14 0.028 0.13
N 6938 6704 6938 6704 6938 6704

Note: *, **, *** denote statistical significance at 10%, 5%, and 1%, respectively. The value in parentheses are the
cluster standard errors. X is the control variables, and WX is the spatial term of the control variables.

4.6.3. Dropping the Anticipated Effects of Policies

Prior to policy implementation, individuals in the treated group might have obtained
advance information about the policy. Additionally, cloud computing requires a construc-
tion period before it is officially deployed in cities. Consequently, local economic entities
may develop anticipatory effects regarding cloud computing deployment. To control for
policy anticipation effects, we exclude samples from the first and second periods preceding
implementation and re-estimate the regression coefficients. The results in Table 6 indicate
that, even after accounting for anticipatory policy effects, the estimated coefficients for
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cloud computing remain consistent with the baseline regression, confirming the robustness
of the core findings.

Table 6. Robustness test: dropping the anticipated effects of cloud computing.

(W)

(2) (3) ()] (5) 6)

Wo1 Wo1 weDP weprP WrOoP Vi
GTFP GTFP GTFP GTFP GTFP GTFP
Treat; x Post; 0.00359 *** 0.00309 ** 0.00365 *** 0.00315 ** 0.00365 *** 0.00308 **
(0.0012) (0.0013) (0.0012) (0.0013) (0.0012) (0.0013)
WrTreat; x Post; —0.00905 *** —0.0103 *** —0.00658 *** —0.00740 *** —0.00909 *** —0.0105 ***
(0.0025) (0.0026) (0.0020) (0.0020) (0.0019) (0.0020)
0 0.256 *** 0.234 *** 0.218 *** 0.209 *** 0.173 *** 0.159 ***
(0.019) (0.019) (0.016) (0.016) (0.015) (0.015)
X Yes Yes Yes Yes Yes Yes
WX Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes
City FE Yes Yes Yes Yes Yes Yes
Adj.R2 0.14 0.14 0.13 0.13 0.13 0.13
N 6456 6206 6456 6206 6456 6206

coefficient

0.02 0.03

0 0.01

-0.01

Note: *, **, *** denote statistical significance at 10%, 5%, and 1%, respectively. The values in parentheses are the
cluster standard errors. In Columns (1), (3), and (5), this study removes observations from the first period before
policy implementation; and in Columns (2), (4) and (6), it removes observations from both the first and second
periods before policy implementation. X is the control variable, and WX is the spatial term of the control variable.

4.6.4. Heterogeneous DID

The prior studies have noted that traditional two-way fixed effects DID models are
susceptible to bias from treatment effect heterogeneity, which may lead to unreliable
estimates of policy effects. To address this concern, we employ the heterogeneous DID
model proposed by [65]. Figure 7 presents the estimation results of the heterogeneous DID
model. We estimate the regression coefficients by the method of regression adjustment
(AR), inverse-probability weighting (IPW), and augmented inverse-probability weighting
(AIPW). The results in Figure 7 show that the coefficient of cloud computing on GTFP
was close to 0 and statistically insignificant prior to policy implementation, but turned
significantly positive following policy implementation. Thus, after accounting for the issue
of heterogeneity, the core conclusions of this study remain robust.

¢ RA ® A[PW 4 [PW

|

90% confidence interval

L ¥

treat time

Figure 7. The result of heterogeneous DID. The vertical dashed line indicates the selection of the first
pre-policy period as the baseline for the event-study method.
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4.6.5. Control for the Effects of Economic Development and Digital Infrastructure

First, urban economic development may influence both urban GTFP and cloud com-
puting adoption. To rule out its impact on the results, we additionally control for the
natural logarithm of urban GDP (Ingdp) and the natural logarithm of per capita GDP
(Inper_gdp) in the regressions. Second, the application of urban cloud computing relies on
digital infrastructure. Robust digital infrastructure enhances data transmission capacity,
boosts computing power, and promotes the construction and diffusion of urban cloud
computing. Some studies indicate that the digital technology has an important impact on
green transformation [66]. Moreover, extanting studies often use the Broadband China
Initiative as an exogenous shock for digital infrastructure [67]. Accordingly, we also employ
the Broadband China Initiative as a proxy variable for digital infrastructure development.
Meanwhile, the Chinese government has implemented the Information Benefiting Peo-
ple Project, a strategic initiative to drive and facilitate leapfrog development in people’s
livelihood sectors through information technology. During the project’s implementation,
information infrastructure was improved, addressing connectivity issues in livelihood-
related areas such as healthcare, medical services, elderly care, employment, and domestic
services. Collectively, we use the Broadband China Initiative (Dpoqarg) and the Information
Benefit People Project (Dinformation) @5 proxy variables for digital infrastructure. Finally,
Table 7 presents the estimation results: Columns (1)—(3) control for the influence of eco-
nomic development; Columns (4)—(6) control for digital infrastructure; and Columns (7)—(9)
control for both. The results in Table 7 show that after controlling for urban economic
development and digital infrastructure, the findings remain consistent with the baseline
regression, confirming the robustness of our conclusions.

Table 7. Robustness test: control for the effects of economic development and digital infrastructure.

(4))

()

3)

@

(5)

(6)

?)

8)

)

Wo1 WEPP WroP Wo1 WwEDP WwroP Wo1 WwEDP WwroP
GTFP GTFP GTFP GTFP GTFP GTFP GTFP GTFP GTFP
gf:’iti x 0.00342 *** 0.00342 *** 0.00346 *** 0.00303 *** 0.00251 ** 0.00320 *** 0.00289 ** 0.00280 ** 0.00297 ***
(0.0011) (0.0011) (0.0011) (0.0011) (0.0010) (0.0011) (0.0011) (0.0011) (0.0011)
Ingdp —0.0692 ***  —0.0693 ***  —0.0678 *** —0.0629 ***  —0.0629 ***  —0.0624 ***
(0.0081) (0.0083) (0.0082) (0.0083) (0.0085) (0.0084)
Inper_gdp 0.0745 *** 0.0758 *** 0.0718 *** 0.0689 *** 0.0697 *** 0.0670 ***
(0.0082) (0.0084) (0.0082) (0.0085) (0.0087) (0.0085)
Dinformation 0.00490 *** 0.00526 *** 0.00468 *** 0.00301 * 0.00268 * 0.00252
(0.0016) (0.0016) (0.0016) (0.0016) (0.0016) (0.0016)
Dyoard 0.00576 *** 0.00674 *** 0.00587 *** 0.00530 *** 0.00542 *** 0.00525 ***
(0.0012) (0.0011) (0.0012) (0.0012) (0.0012) (0.0012)
WrTreat; x —0.00783 —0.00587 —0.00863 —0.00721 - —0.00736 —0.00794 —0.00662 —0.00854
I)()stt LR LR Ex Ex 70'00422 Ex Ex L L3
(0.0025) (0.0019) (0.0019) (0.0025) (0.0017) (0.0019) (0.0025) (0.0019) (0.0018)
Wingdp 0.0127 0.00158 —0.00269 0.0286 0.0196 0.00856
(0.022) (0.029) (0.025) (0.023) (0.029) (0.025)
Winper_gdp —0.00313 0.00847 0.0187 —0.0205 —0.00967 0.00643
(0.022) (0.029) (0.025) (0.023) (0.029) (0.025)
WD formation 0.00845 ** 0.00264 0.00465 0.00631 0.00298 0.00300
(0.0042) (0.0030) (0.0033) (0.0041) (0.0031) (0.0032)
WDpoard 0.00295 0.00411 ** 0.00187 0.00169 0.00363 * 0.000602
(0.0027) (0.0021) (0.0021) (0.0027) (0.0022) (0.0020)
0 0.263 *** 0.211 *** 0.172 *** 0.267 *** 0.201 *** 0.182 *** 0.261 *** 0.208 *** 0.171 ***
(0.019) (0.016) (0.015) (0.018) (0.016) (0.015) (0.018) (0.016) (0.015)
X Yes Yes Yes Yes Yes Yes Yes Yes Yes
WX Yes Yes Yes Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
City FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Adj.R2 0.16 0.15 0.14 0.15 0.32 0.14 0.16 0.15 0.15
N 6704 6704 6704 6704 6704 6704 6704 6704 6704

Note: *, **, *** denote statistical significance at 10%, 5%, and 1%, respectively. The value in parentheses are the
cluster standard errors. X is the control variables, and WX is the spatial term of the control variables.
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4.6.6. Control for the Effects of Sample Timing Selection

This study utilizes city-level panel data from China for the period 2000 to 2023,
retaining 10 pre-treatment periods. Using 2000 as the sample starting year, on the one
hand, a longer pre-treatment sample facilitates clearer observation of GTFP differences
between the treatment and the control group cities. Additionally, the extended sample
period enables examination of the long-term effects of cloud computing. To access the
robustness of the chosen starting year, we first adjust the sample starting year, use 2003,
2005, and 2008 as alternative starting years, re-estimate the model. Figure 8A presents the
estimation results. Second, we vary the number of pre-treatment periods retained, we retain
only 9, 7, and 5 pre-treatment periods, respectively, and re-estimate the results. Figure 8B
reports the outcomes of adjusting the pre-treatment sample length. Overall, the results
in Figure 8A,B indicate that, after adjusting the sample starting year and pre-treatment
sample length, the estimated coefficients are insignificant in all pre-treatment periods, and
no obvious pre-trends are observed. The findings remain consistent with the baseline
regression, confirming that our choice of 2000 as the sample starting year does not affect
this study’s conclusions.
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Figure 8. Control for the effects of sample timing selection. (A) adjust the sample starting year;
(B) adjust pre-treatment periods. The vertical dashed line indicates the selection of the first pre-policy
period as the baseline for the event study.

4.6.7. Measuring GTFP Using Other Energy Inputs

In the baseline regression, this study uses total social electricity consumption as the
urban energy input. Although existing literature has adopted this approach, electricity
consumption cannot fully substitute for total energy input. For cities where electricity
assumption accounts for a low proportion of total energy consumption, using electricity
consumption to represent total energy consumption will underestimate urban energy
consumption, thereby overestimating urban GTFP. However, there is currently no publicly
available statistical data disclosing overall urban energy consumption. To mitigate the
impact of using urban electricity consumption as a proxy for urban energy consumption
on GTFP measurement, this study measures GTFP under alternative different energy
inputs specification. First, following the studies of Yang et al. (2023) [68] and Chand
et al. (2009) [69], this study measures the total urban energy consumption and recalculates
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urban GTFP. Table 8 reports the estimation results for Columns (1)—(3). Second, without
considering energy input, following the research of Liu et al. (2025) [70] and Xia and Xu
(2020) [71], this study uses only labor and capital as input factors to recalculate GTFP.
Table 8 presents the estimation results for Columns (4)—(6). Overall, Table 8 analyzes the
results under different energy inputs. The estimation results show that across different
specifications, the coefficient of the core explanatory variable remains consistent with the
baseline regression. Therefore, after mitigating the impact of energy input, the conclusions
of this study remain robust.

Table 8. Robustness test: measuring GTFP using other energy inputs.

1) (2) 3) 4) (5) (6)
Wo1 weDP wror Wo1 wgepP wror
GTFP GTFP GTFP GTFP GTFP GTFP
Treat; x Post; 0.00356 *** 0.00272 ** 0.00336 *** 0.00296 *** 0.00189 ** 0.00271 ***
(0.0012) (0.0012) (0.0012) (0.00091) (0.00096) (0.00094)
WrTreat; x Post; —0.00618 ** —0.00410 ** —0.00527 *** —0.00497 ** —0.00393 ** —0.00339 **
(0.0026) (0.0020) (0.0020) (0.0021) (0.0016) (0.0015)
0 0.445 *** 0.363 *** 0.332 *** 0.377 *** 0.300 *** 0.251 ***
(0.017) (0.014) (0.014) (0.018) (0.015) (0.014)
X Yes Yes Yes Yes Yes Yes
WX Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes
City FE Yes Yes Yes Yes Yes Yes
Adj.R2 0.19 0.16 0.15 0.17 0.095 0.15
N 6426 6426 6426 6704 6708 6704

Note: *, **, *** denote statistical significance at 10%, 5%, and 1%, respectively. The value in parentheses are the
cluster standard errors. X is the control variables, and WX is the spatial term of the control variables.

5. Mechanism Analysis and Discussion
5.1. Mechanism Analysis

First, Columns (1) to (3) of Table 9 examine the impact of cloud computing on urban
knowledge spillovers. The results indicate that cloud computing significantly promotes
the intra-urban knowledge spillovers. Empirical findings show that cloud computing
facilitates knowledge exchange and dissemination among economic entities within cities.
Then, Columns (4) to (6) analyze the impact of cloud computing on green invention patent
innovation (Green_Innol) and Columns (7) to (9) analyze the impact of cloud computing on
green utility model patent innovation (Green_Inno2) in cities, respectively. The estimated
coefficients in Columns (4) to (9) are all positive and statistically significant at the 1%
level, indicating that cloud computing significantly promotes urban green innovation.
Therefore, the results of Table 9 demonstrate that cloud computing enhances intra-urban
knowledge dissemination, drive knowledge spillovers, and contribute to the advancement
of green technological innovation. This, in turn, promotes the adoption of urban green
technologies and boosts the improvement of urban GTFP. Hypothesis 2 proposes that
the cloud computing can promote knowledge spillovers within cities, drive technological
breakthroughs, facilitate urban green innovation, and thereby enhance urban GTFP. The
results in Table 9 strongly support the view that cloud computing promotes knowledge
spillovers and drives green innovation breakthroughs in cities. Therefore, Hypothesis 2 is
well-supported.
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Table 9. Mechanism analysis: The impact of cloud computing on green innovation.
1) 2) 3) @) (5) (6) (7) (8) 9
Wo1 WePr wfor wo1 wePr wfor wo1 wePr wior
Kn9wledge Kn?wledge anwledge Green_Innol Green_Innol Green_Innol Green_Inno2 Green_Inno2 Green_Inno2
Spillover Spillover Spillover
Treat; x Post; 0.616 *** 0.579 *** 0.599 *** 0.0826 *** 0.0809 *** 0.0927 *** 0.0625 *** 0.0727 *** 0.0794 ***
(0.12) (0.12) (0.12) (0.026) (0.026) (0.026) (0.021) (0.022) (0.022)
0 0.134 *** 0.167 *** 0.114 *** 0.360 *** 0.292 *** 0.243 *** 0.415 *** 0.287 *** 0.265 ***
(0.019) (0.017) (0.016) (0.015) (0.013) (0.013) (0.015) (0.013) (0.013)
Control Yes Yes Yes Yes Yes Yes Yes Yes Yes
variables
Time FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
City FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Adj.R2 0.065 0.077 0.066 0.18 0.18 0.16 0.18 0.15 0.14
N 5304 5304 5304 6508 6508 6508 6508 6508 6508

Note: *, **, *** denote statistical significance at 10%, 5%, and 1%, respectively. The value in parentheses are the
cluster standard errors.

Second, Table 10 analyzes the impact of cloud computing on urban labor factor dis-
tortion (Labor_Miss), capital factor distortion (Capital_Miss), and overall factor distortion
(Miss_All). Columns (1) to (3) examine the impact of cloud computing on labor factor
distortion, with all coefficients being statistically significant and negative. Columns (4) to
(6) report the impact of cloud computing on capital factor distortion, showing significant-
lynegative estimates. Meanwhile, Columns (7) to (9) show the impact of cloud computing
on overall factor distortion, where the coefficients are statistically significant negative at the
1% level. Overall, empirical results demonstrate that urban cloud computing significantly
reduces labor factor distortion, capital factor distortion, and overall factor distortion. Con-
sequently, cloud computing promotes effective factor allocation, reduces unnecessary factor
inputs, achieves intensive and efficient use of factors, avoids waste, and thereby enhances
urban GTFP. In Hypothesis 3, this study posits that the urban cloud computing can improve
resource allocation efficiency, thereby enhancing urban GTFP. Using study employs HK [61]
analytical framework, Table 10 empirically tests this hypothesis from the perspectives of
capital factor allocation, labor factor allocation, and overall factor allocation. The results
confirm that cloud computing can promote factor allocation efficiency. Therefore, through
the mechanism analysis in Table 10, this study fully supports the analysis of Hypothesis 3.

Table 10. Mechanism analysis: the impact of cloud computing on resource allocation efficiency.

(1)

(2)

3)

@

(5)

6)

?)

®)

(C))

Wo1 wepr wfor wo1 WEPP wfor wo1 wgepr wW{oP
Labor_Miss Labor_Miss Labor_Miss Capital Miss Capital_Miss Capital_Miss Miss_All Miss_All Miss_All
—0.00948 —0.00922 —0.00990 —0.000928 —0.000931 —0.00817 —0.00782 —0.00832
Treatl X POStt *% *% Ak _0'00100 * * * 2 b2 2t
(0.0037) (0.0037) (0.0038) (0.00051) (0.00051) (0.00051) (0.0029) (0.0028) (0.0029)
0 0.388 *** 0.332 *** 0.285 *** 0.238 *** 0.161 *** 0.217 *** 0.330 *** 0.298 *** 0.250 ***
(0.020) (0.017) (0.016) (0.021) (0.018) (0.017) (0.021) (0.017) (0.017)
COI:ItI‘Ol Yes Yes Yes Yes Yes Yes Yes Yes Yes
variables
Time FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
City FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Adj.R2 0.14 0.14 0.13 0.11 0.096 0.12 0.084 0.096 0.081
N 4513 4513 4513 5077 5077 5077 4513 4513 4513

Note: *, **, *** denote statistical significance at 10%, 5%, and 1%, respectively. The value in parentheses are the
cluster standard errors.
5.2. Heterogeneity Analysis

This study further analyzes the heterogeneous policy effects of urban cloud computing
from three perspectives: urban economic scale, coastal status, and location within an
urban agglomeration.
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First, we examine the heterogeneity in economic scale. Significant economic disparities
exist between large and small Chinese cities. Large cities typically have large economic
scales, characterized by big populations and diverse industries, whereas small cities have
smaller economic scales and less developed industries. Does cloud computing exert
an effect on cities with differing economic scales? To address this, this study categorizes
economic scales into large-scale and small-scale cities to examine the heterogeneous impacts
of cloud computing under different economic scales, with the estimation results reported
Table 11. The coefficients of Treat x Post in Columns (1)—(6) are significant at the 10% level,
indicating that cloud computing can promote GTFP in both large-scale and small-scale
cities. However, the coefficients are larger in small-scale cities. The coefficients of the spatial
term (WTreat; x Post;) are —0.0111, —0.0106, and —0.00791 in Columns (2), (4), and (6),
respectively, all significant at the 1% level. In contrast, for larger-scale cities, the coefficients
of WTreat; x Post; are only significant in Columns (1) and (5), and these coefficients are
smaller than the lower-scale cities. This indicates that the spatial term coefficients suggest
cloud computing in neighboring cities has a greater negative effect on small-scale cities.
After neighboring cities adopt cloud computing, small-scale cities experience a stronger
siphon effect that disproportionately hampers their GTFP.

Table 11. The heterogeneity analysis: economic scale.

(1) () (3) 4) (5) (6)
Wo1 Wo1 wEDPP wgpP wror WFOP
Large-Scale Small-Scale Large-Scale Small-Scale Large-Scale Small-Scale
Cities Cities Cities Cities Cities Cities
Treat; x Post; 0.00299 ** 0.00357 ** 0.00278 * 0.00411 ** 0.00307 ** 0.00341 **
(0.0014) (0.0017) (0.0014) (0.0017) (0.0014) (0.0017)
WTreat; x Post; —0.00530 ** —0.0111 *** —0.00224 —0.0106 *** —0.00706 *** —0.00791 ***
(0.0024) (0.0027) (0.0021) (0.0024) (0.0020) (0.0024)
Y 0.145 *** 0.143 *** 0.170 *** 0.123 *** 0.147 *** 0.130 ***
(0.020) (0.023) (0.019) (0.020) (0.019) (0.019)
X Yes Yes Yes Yes Yes Yes
WX Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes
City FE Yes Yes Yes Yes Yes Yes
Adj.R2 0.17 0.082 0.18 0.084 0.17 0.081
N 3387 3298 3387 3298 3387 3298

Note: *, **, *** denote statistical significance at 10%, 5%, and 1%, respectively. The value in parentheses are the
cluster standard errors. X is the control variables, and WX is the spatial term of the control variables.

For small-scale cities, urban capital investment and infrastructure development are
relatively backward. For instance, the average log capital stock is 16.12 in small-scale
cities, compared to 17.26 in larger-scale cities, highlighting their lower investment level.
In small-scale cities, capital further flows to large cities, thus exposing them to a more
pronounced siphon effect. Meanwhile, in cities implementing cloud computing, the con-
tinuous improvement in industrial development and digitalization levels may trigger a
siphon effect, where talent and capital flow toward these cloud computing cities. While
the agglomeration effect of cloud computing enhances local GTFP, it may simultaneously
suppress the green development of surrounding small-scale cities through factor drainage
mechanisms. Cloud computing cities, equipped with advanced digital infrastructure and
green innovation platforms, establish platforms that improve massive data processing
capabilities and foster R&D collaboration [14,37], creating strong attractions for technical
talent and digitally skilled labor. Small-scale cities, however, have low resistance to large
cities and struggle to prevent the outflow of talent and resources. Second, as an emerging
information technology critical to future urban economic development [36,59,72], cloud
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computing exhibits comparative advantages in green project financing, digital technology
investment, and ecosystem modeling [33]. This makes it highly attractive to regional
venture capital and industrial funds, diverting financial resources from green industry
projects in surrounding small-scale cities. Consequently, small-scale cities struggle to ad-
vance infrastructure investments in clean energy substitution and circular economy parks,
slowing improvements in resource utilization efficiency and the green transition process.
Thus, the development of urban cloud computing may generate siphon effects that widen
regional gaps in green development, exerting adverse impacts on the GTFP of neighboring
small-scale cities.

Second, we examine the heterogeneity policy effect between coastal and non-coastal
cities. Overall, coastal cities exhibit higher levels of economic development, superior market
conditions, and more advanced technological capabilities. Therefore, does the impact of
cloud computing on GTFP differ significantly between coastal and non-coastal regions? This
study divides samples into coastal and non-coastal cities based on whether their provinces
are coastal. Column (1), Column (3), and Column (5) in Table 12 present the impact of
cloud computing on GTFP in coastal cities, while Column (2), Column (4), and Column (6)
report the impact of cloud computing on non-coastal cities. The results show that the
estimated coefficients of Treat x Post are significantly positive. However, the coefficient
of WTreat; x Post; is significantly positive in Column (1), Column (3), and Column (5),
but significantly negative in Column (2), Column (4), and Column (6). This suggests that
in coastal cities, cloud computing generate positive spillover effects, enhancing GTFP in
neighboring cities. Thus, compared to non-coastal cities, cloud computing in coastal cities
not only boosts local GTFP but also generates positive spillover effects on neighboring cities.

Table 12. The heterogeneity analysis: coastal status.

)

(V) 3 @ (5 (6)

wo1 wo1 we PP wgPP WiorP wior
Coastal No-Coastal Coastal No-Coastal Coastal No-Coastal
Regions Regions Regions Regions Regions Regions
Treat; x Post; 0.00619 ** 0.00355 *** 0.00643 *** 0.00364 *** 0.00716 *** 0.00333 ***
(0.0025) (0.0012) (0.0025) (0.0012) (0.0024) (0.0012)
WrTreat; x Postt 0.0137 *** —0.00959 *** 0.0149 *** —0.00701 *** 0.0123 *** —0.00790 ***
(0.0047) (0.0026) (0.0038) (0.0020) (0.0035) (0.0020)
[y 0.194 *** 0.240 *** 0.183 *** 0.194 *** 0.214 *** 0.155 ***
(0.037) (0.020) (0.032) (0.017) (0.030) (0.016)
X Yes Yes Yes Yes Yes Yes
WX Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes
City FE Yes Yes Yes Yes Yes Yes
Adj.R2 0.33 0.090 0.32 0.086 0.35 0.077
N 987 5674 987 5674 987 5674

Note: *, **, *** denote statistical significance at 10%, 5%, and 1%, respectively. The value in parentheses are the
cluster standard errors. X is the control variables, and WX is the spatial term of the control variables.

The significant positive spillover of cloud computing in coastal regions on urban
GTFP stems primarily from strengthened inter-regional cooperation. First, coastal regions
(e.g., the Yangtze River Delta and Pearl River Delta) have mature industrial coordina-
tion mechanisms, enabling leading digital economy firms and neighboring cities to form
rational division of labor chains [73,74]. Central cities focus on breakthroughs in core
technologies such as algorithms and big data, while smaller cities undertake segments in-
cluding smart environmental protection equipment manufacturing and industrial internet
applications. Cross-city data interoperability optimizes production processes, reducing
resource misallocation and redundant construction [75,76]. Second, the interconnectivity
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of infrastructure such as ports and high-speed railways facilitates inter-regional coopera-
tion [77]. Coastal regions, with more comprehensive transportation infrastructure networks,
facilitate inter-regional collaboration and drive the positive technological spillover of cloud
computing. Third, lower administrative monopolies can encourage technological exchange
and regional cooperation [78]. Coastal regions exhibit higher marketization levels and
lower administrative monopolies [79,80], enabling the rapid diffusion of green technologies
within the region and avoiding the short-sighted “beggar-thy-neighbor” behavior. In sum-
mary, the stronger coordination and cooperation, lower administrative monopolies, and
well-developed infrastructure in coastal regions collectively promote positive spillovers
in GTFP.

Finally, we examine the heterogeneity in urban agglomeration scope. During China’s
urbanization, the construction of mega and super-large urban agglomerations has been
prominent. Within urban agglomerations, information exchange and material circulation
among cities are more frequent, supported by shared infrastructure that facilitates inte-
grated regional development. Therefore, this study examines the differential effects of cloud
computing on GTFP for cities inside and outside urban agglomerations, with the results
reported in Table 13. The results indicate that cloud computing significantly promotes the
improvement of GTFP in cities inside urban agglomerations but has no significant impact
on the outside. Meanwhile, the coefficient of the spatial term WTreat; x Post; in Column (1)
and (5) are significantly negative, suggesting a significant siphon effect of cloud computing
within urban agglomerations. Thus, on the one hand, this study finds that cloud computing
enhances GTFP within cities. On the other hand, significant competition exists among
cities within an urban agglomeration, and the adoption of cloud computing by one city can
trigger a notable siphon effect on neighboring cities.

Table 13. The heterogeneity analysis: urban agglomeration.

(1)
Wo1
Urban

() 3 @) 5) (6)
wo1 WtGDP thDP W{’OP w{’OP
No-Urban Urban No-Urban Urban No-Urban

Agglomeration Agglomeration Agglomeration Agglomeration Agglomeration Agglomeration

Treat; x Post; 0.00578 *** 0.00160 0.00574 *** 0.00170 0.00598 *** 0.00153
(0.0016) (0.0015) (0.0016) (0.0015) (0.0016) (0.0015)
WrTreat; x Postt —0.00781 ** 0.00325 —0.00374 0.000710 —0.00819 *** 0.000714
(0.0035) (0.0026) (0.0028) (0.0021) (0.0027) (0.0022)
[y 0.271 *** 0.203 *** 0.223 *** 0.186 *** 0.201 *** 0.162 ***
(0.024) (0.020) (0.021) (0.018) (0.021) (0.018)
X Yes Yes Yes Yes Yes Yes
WX Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes
City FE Yes Yes Yes Yes Yes Yes
Adj.R2 0.17 0.13 0.16 0.13 0.17 0.11
N 3343 3352 3343 3352 3343 3352

Note: *, **, *** denote statistical significance at 10%, 5%, and 1%, respectively. The value in parentheses are the
cluster standard errors. X is the control variables, and WX is the spatial term of the control variables.

5.3. The Impact of Industrial Agglomeration

This study further investigates the role of industrial agglomeration in the context of
cloud computing. It calculates the location entropy of industrial development at the city
level, incorporates it as an interaction term into the regression model, and the estimation
results are presented in Table 14. The interaction term Treat; x Post; X Agg is significantly
positive in Columns (1)—(2), suggesting that urban industrial agglomeration amplifies
the positive effect of cloud computing on GTFP. Specially, in cities with higher degree
of industrial agglomeration, industrial agglomeration amplifies the promoting effect of
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cloud computing on technological exchanges and sharing among enterprises. The rapid
adoption of cloud computing in these agglomerated areas facilitates the intelligent and
digital transformation of industrial development. Therefore, industrial agglomeration
strengthens the positive contribution of cloud computing to GTFP.

Table 14. The effect of industry agglomeration.

Wb} 2) (3)
Wo1 wgpbr wror
GTFP GTFP GTFP
Treat; x Post; x Agg 0.00868 ** 0.00709 ** 0.00527
(0.0036) (0.0036) (0.0036)
Treat; x Post; —0.00460 —0.00286 —0.00100
(0.0037) (0.0037) (0.0037)
Agg 0.0229 *** 0.0126 ** 0.0257 ***
(0.0065) (0.0063) (0.0063)
WTreat; x Post; x Agg 0.0302 *** 0.0197 *** 0.0231 ***
(0.0079) (0.0063) (0.0056)
WrTreat; x Post; —0.0361 *** —0.0236 *** —0.0301 ***
(0.0081) (0.0064) (0.0059)
WAgg —0.0270 ** —0.0156 * —0.0308 ***
(0.011) (0.0089) (0.0083)
0 0.269 *** 0.215 *** 0.182 ***
(0.019) (0.016) (0.015)
X Yes Yes Yes
WX Yes Yes Yes
Time FE Yes Yes Yes
City FE Yes Yes Yes
Adj.R2 0.13 0.12 0.12
N 6704 6704 6704

Note: *, **, *** denote statistical significance at 10%, 5%, and 1%, respectively. The value in parentheses are the
cluster standard errors. X is the control variables, and WX is the spatial term of the control variables.

5.4. Mitigating the Siphon Effect of Cloud Computing

The baseline regression in this study indicate that urban cloud computing exhibits a
significant siphon effect, and the construction of cloud computing at the city level remains
in a stage of mutual competition. Therefore, fostering cooperation among cities to generate
positive spatial spillover effects of cloud computing on urban GTFP is crucial for urban
development. In the process of urban development, urban policies play a crucial role in
urban industrial development, regional collaborative cooperation, and other areas. There-
fore, this study analyzes approaches to mitigating the siphon effect of cloud computing on
urban GTFP from the perspective of regional policies.

First, urban agglomeration integration enables the sharing of infrastructure, promotes
the flow of factors within urban agglomerations and metropolitan areas, and improves fac-
tor mobility efficiency. Meanwhile, central cities with agglomerations can generate positive
spillover effects, facilitating the development of peripheral cities within the urban agglom-
erations. In the process of advancing urban agglomeration integration, with the positive
radiation effect of central cities, cloud computing can promote the improvement of GTFP in
peripheral cities. Therefore, this study examines whether urban agglomeration integration
can mitigate the siphon effect of cloud computing. By selecting the implementation time-
lines of integration in China’s four major urban agglomerations, the Beijing-Tianjin-Hebei,
Yangtze River Delta, Pearl River Delta, and Chengdu-Chongqing urban agglomerations,
this study tests whether the integration of these urban agglomerations can promote the pos-
itive spatial spillover effects of cloud computing. As reported in Columns (1)—(3) of Table 15,
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the estimated coefficient of the interaction term (WTreat; x Post; x Inter) is significantly
positive across different spatial weight matrices. This indicates that during the integration
of the four major urban agglomerations, the construction of cloud computing within these
agglomerations can exert significant positive spillover effects, alleviating the siphon effect
of cloud computing internally. In summary, we find that regional integration can reduce
inter-city competition and unlock the positive green spillover effects of cloud computing
to surrounding cities. Therefore, enhancing regional integration is a key regional policy
avenue for mitigating the siphon effect of cloud computing.

Table 15. The impact of regional integration policies on mitigating the siphon effect of cloud computing.

1) (2) (3)
Wo1 wgDP Wror
GTFP GTFP GTFP
Treat; x Post; x Inter 0.00218 0.00116 0.00158
(0.0023) (0.0023) (0.0023)
Treat; x Post; 0.00335 *** 0.00383 *** 0.00391 ***
(0.0012) (0.0012) (0.0012)
Inter 0.000337 —0.00305 —0.00248
(0.0025) (0.0024) (0.0024)
WrTreat; x Post; xInter 0.00811 ** 0.0104 *** 0.00926 ***
(0.0036) (0.0031) (0.0029)
WTreat; X Post; —0.00878 *** —0.00728 *** —0.00958 ***
(0.0027) (0.0021) (0.0020)
Winter —0.000500 0.00132 0.00206
(0.0032) (0.0028) (0.0028)
0 0.267 *** 0.220 *** 0.184 ***
(0.018) (0.015) (0.015)
X Yes Yes Yes
WX Yes Yes Yes
Time FE Yes Yes Yes
City FE Yes Yes Yes
Adj.R2 0.15 0.14 0.13
N 6704 6704 6704

Note: *, **, *** denote statistical significance at 10%, 5%, and 1%, respectively. The value in parentheses are the
cluster standard errors. X is the control variables, and WX is the spatial term of the control variables.

Second, in terms of inter-city industrial development and factor mobility, adminis-
trative monopoly plays a significant role. Local governments may hinder the free flow
of factors through administrative monopoly, exerting a negative effect on economic ef-
ficiency. Thus, restricting local governments from setting entry barriers and reducing
their intervention in cross-regional investment are important components of policy de-
sign. In 2009, China implemented the Anti-Monopoly Law to reduce local administrative
monopoly and promote the free adjustment of industries and investments. During pol-
icy implementation, it may interact with industrial policies, regional policies, etc. This
study analyzes the impact of reducing regional administrative monopoly on mitigating
the siphon effect of cloud computing from the perspective of the Anti-Monopoly Law
implementation. Theoretically, a decrease in regional administrative monopoly enhances
the across-regional flow of factors. As a key component of the digital economy, cloud com-
puting, under reduced administrative monopoly, can proactively provide computing power
services to surrounding cities, promoting the growth of their GTFP. Therefore, regional
administrative monopoly policies can help alleviate the siphon effect of cloud computing
on GTFP. Following the approach of [81], this study define regions in the top quartile of
administrative monopoly rankings before 2009 as the treatment group. After 2009, these
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regions with higher administrative monopoly experienced greater policy shocks, leading
to further reductions in administrative monopoly and promoting the flow of industries,
capital, and factors. A policy dummy variable Dponopoly for administrative monopoly
is constructed, with the treated group set to 1 after 2009. Introduced into the model in
the form of an interaction term, Table 16 presents the empirical results. The results show
that the coefficients of WTreat; x Postt X Dionopoly are all significantly positive, indicating
that policies to reduce regional administrative monopoly can mitigate the siphon effect of
cloud computing on GTFP. Therefore, in mitigating the siphon effect of cloud computing
on urban GTFP, it is necessary to further formulate relevant policies to reduce regional
administrative monopoly.

Table 16. The impact of administrative monopoly on mitigating the siphon effect of cloud computing.

1) ) (3)
Wo1 webr WPor
GTFP GTFP GTFP
Treat; x Postt X Dmonopoly 0.00615 ** 0.00623 ** 0.000537
(0.0028) (0.0028) (0.0042)
Treat; x Post; 0.00276 ** 0.00288 ** 0.00667 ***
(0.0012) (0.0012) (0.0016)
Dmonopoly 0.00333 0.00142 0.00158
(0.0035) (0.0033) (0.0048)
WTreat; x Postt X Dimonopoly 0.0134 ** 0.00972 ** 0.0242 ***
(0.0057) (0.0045) (0.0067)
WrTreat; x Post; —0.00958 *** —0.00666 *** —0.0136 ***
(0.0027) (0.0021) (0.0027)
WD monopoly —0.00432 0.000510 0.000951
(0.0051) (0.0044) (0.0061)
0 0.269 *** 0.221 *** 0.183 ***
(0.018) (0.015) (0.015)
X Yes Yes Yes
WX Yes Yes Yes
Time FE Yes Yes Yes
City FE Yes Yes Yes
Adj.R2 0.15 0.13 0.21
N 6704 6704 6704

Note: *, **, *** denote statistical significance at 10%, 5%, and 1%, respectively. The value in parentheses are the
cluster standard errors. X is the control variables, and WX is the spatial term of the control variables.

Third, international trade liberalization can promote efficient factor mobility, enhance
urban foreign economic activities, and drive regional economic growth. To advance interna-
tional trade liberalization, China has implemented cross-border e-commerce comprehensive
pilot zone policies in various cities. These pilot zones play a positive role in facilitating the
transformation and upgrading of traditional industries and promoting industrial digital
development. With the growth of cross-border e-commerce, urban foreign economic ac-
tivities expand, requiring increased raw material trade with neighboring cities for urban
international trade, thereby stimulating inter-reginal economic development. This process
continuously strengthens economic cooperation between cities through e-commerce. More-
over, advancements in technologies such as cloud computing further promote e-commerce
development. Therefore, cloud computing exerts positive spillover effects by facilitating
e-commerce and urban international economic trade, thereby mitigating its siphon effect
on urban GTFP. Accordingly, this study examines the interactive policy effect between
cross-border e-commerce comprehensive pilot zones (Dgira4e) and urban cloud computing,
and presents the estimation results in Table 17. The results in Table 17 show that the coeffi-
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cients of WTreat; x Post; X Dgyrage are all positive, with the p-value for Column (1) at 0.12,
Column (2) at 0.19, and Column (3) significant at the 10% level. These findings indicate
that cross-border e-commerce comprehensive pilot zones can alleviate cloud computing’s
siphon effect. Overall, the empirical results demonstrate that promoting urban international
economic activities and advancing electronic trade liberalization are effective pathways to
mitigate the siphon effect of cloud computing on urban GTFP.

Table 17. The impact of international trade liberalization on mitigating the siphon effect of

cloud computing.

1 2 (3)
Wo1 wgpP WPor
GTFP GTFP GTFP
Treat; X Posty X Dgirade 0.00165 0.00257 0.00110
(0.0034) (0.0035) (0.0051)
Treat; x Post; 0.00315 *** 0.00317 *** 0.00640 ***
(0.0011) (0.0011) (0.0015)
DEtrade 0.00914 *** 0.00853 ** 0.0103 **
(0.0033) (0.0034) (0.0049)
WrTreat; X Postt X DEtrade 0.0153 0.0113 0.0206 *
(0.010) (0.0086) (0.012)
WrTreat; x Post; —0.0103 *** —0.00601 *** —0.0107 ***
(0.0025) (0.0019) (0.0025)
WDE¢rade —0.0150 —0.00941 —0.0195 *
(0.0098) (0.0084) (0.012)
0 0.272 *** 0.214 *** 0.183 ***
(0.018) (0.015) (0.014)
X Yes Yes Yes
WX Yes Yes Yes
Time FE Yes Yes Yes
City FE Yes Yes Yes
Adj.R2 0.15 0.14 0.21
N 6704 6704 6704

Note: *, **, *** denote statistical significance at 10%, 5%, and 1%, respectively. The value in parentheses are the
cluster standard errors. X is the control variables, and WX is the spatial term of the control variables.

In summary, from the perspective of regional policies, this study analyzes effective
policy paths to mitigate the negative siphon effect of cloud computing on the urban GTFP.
It is concluded that promoting integrated development of urban agglomerations, reducing
administrative monopoly to facilitate factor mobility, and advancing urban international
economic activities are key strategies to alleviate the siphon effect of cloud computing on
urban GTFP.

6. Conclusions

With the rapid development of new-generation information technologies such as cloud
computing, artificial intelligence, big data, and blockchain, socioeconomic development has
been profoundly impacted. In recent years, cloud computing growth has drawn significant
attention. From an urban development perspective, this study addresses the question of
how urban cloud computing usage affects urban green total factor productivity (GTFP).
The main contributions of this paper lie in advancing the study of the digital economy at a
more granular level, investigating the economic impact of cloud computing, and enriching
the study of the new-generation information technology applications in environmental
economics. Through the study of urban cloud computing, this study identifies internal
pathways for improving urban green and sustainable economies by developing urban
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cloud computing infrastructure. It offers a positive reference for unpacking the black box
of interactions between the digital economy and environmental economics. Given the
comprehensive impact of the digital economy on the economy, this study incorporates
the spatial interaction effects of urban cloud computing into the analytical framework.
Using a spatial economics framework, it analyzes the combined impact of new-generation
information technology (represented by cloud computing) on environmental economics,
offering a spatial economic perspective on how the digital economy influences environ-
mental economics. This further enriches spatial economics theory regarding the economic
impacts of new-generation information technology.

This study employs text analysis to extract the policy adoption timeline of cloud
computing from official documents and constructs a quasi-natural experiment framework.
Using panel data from 284 cities in China spanning 20002023, the impact of urban cloud
computing on the urban GTFP is analyzed through a spatial difference-in-differences (DID)
model. First, in the baseline results, the results of spatial Durbin-DID model indicate two
key findings: On the one hand, urban cloud computing can promote the improvement
of urban GTFP. On the other hand, the spatial term results suggest that the development
of cloud computing among cities remains in a competitive state, with the siphon effect
of cloud computing exerting a negative spatial impact on the GTFP of neighboring cities.
These results pass the parallel trends test and placebo test and remain robust under various
robustness tests. Second, using the Spatial Autoregressive-DID (SAR-DID) model, the
mechanism analysis reveals that cloud computing enhances urban GTFP by facilitating
resource allocation efficiency and improving green innovation. Third, heterogeneity anal-
ysis shows that cloud computing has a more pronounced siphoning effect on the small
cities, generates significant positive spatial spillovers in coastal cities, and notably promotes
the GTFP of cities within urban agglomerations, though it has no significant impact on
non-urban-agglomeration cities. Additionally, this paper finds that industrial agglomera-
tion strengthens the positive effect of cloud computing on green total factor productivity.
Furthermore, from the perspective of regional policies, this paper finds that promoting
the integrated development of urban agglomerations, reducing administrative monopoly,
facilitating free factor mobility, and advancing free international trade are effective path-
ways to mitigate the siphon effect of cloud computing on urban GTFP. Finally, based on the
empirical findings, corresponding policy recommendations are proposed:

(1) Constructing city-level green data cloud platforms to activate the emission reduc-
tion empowerment function of data elements. The empirical findings of this paper
indicate that urban cloud computing can promote the improvement of urban GTFP.
As a new-generation information technology, cloud computing can enhance data
processing capabilities; therefore, it is necessary to further integrate regional data to
leverage the data processing advantages of cloud computing. @ Comprehensively
advance the development of unified city-level green data cloud platforms. Integrate
multi-dimensional data including enterprise production energy consumption, car-
bon emission monitoring, park environmental quality, and renewable energy output,
break down data silos among departments and enterprises, and form a green data
resource pool covering the urban economic system. (2) Guide enterprises to connect
green-related data from production, operation, and management processes to the
cloud, enabling accurate identification of high-energy-consuming links and emission
reduction potential. The dynamic effects analysis in this paper reveals that the promo-
tional effect of urban cloud computing on urban GTFP exhibits a certain time lag, with
a significant positive effect emerging only after two periods. Therefore, governments
need to further facilitate the adoption of cloud computing across different economic
entities and encourage enterprises to proactively utilize cloud computing. ) Support
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@)

®)

research institutions and enterprises in conducting joint R&D on green technologies
based on cloud platforms. This facilitates the transformation of data elements into
green productive forces, thereby enhancing urban GTFP from the perspective of
technological innovation.

Cultivating cloud-based green resource collaboration platforms to promote the forma-
tion of cross entity emission reduction collaboration networks. () Support leading
enterprises in fields such as new energy, environmental protection, and high-tech
manufacturing within cities to build cross entity cloud-based green resource sharing
platforms. (@ The empirical results indicate that urban cloud computing exhibits
a significant negative siphon effect. Therefore, it is necessary to further promote
cooperation among different economic entities and leverage the positive spillover
mechanisms of technology. For instance, prioritize the integration of clean energy
data resources, low-carbon technology resources, and idle green computing resources.
Encourage large enterprises to open up redundant cloud computing resources and
support small, medium, and micro enterprises in carrying out lightweight innova-
tion activities such as low-carbon product design and carbon emission accounting.
® Industrial agglomeration can mitigate the siphon effect of urban cloud computing
on urban GTFP. It can promote the establishment of platform collaboration incentive
mechanisms in industrial agglomeration areas, providing incentive measures such as
carbon credits and policy preferences to enterprise clusters that actively share green
resources. This, in turn, fosters the formation of a collaborative model with data
interoperability, facilitates coordinated emission reduction across upstream and down-
stream industrial chains within industrial agglomeration areas, and enhances urban
green total factor productivity by optimizing the allocation efficiency of green factors.
Optimizing support policies for green cloud applications to reduce the corporate
transformation cost. To address enterprises” green transformation needs during cloud
computing adoption, a differentiated policy support system is introduced. @) Fiscal
subsidies and support should fully account for differences in regional economic scale.
Heterogeneous results indicate that cloud computing exerts a stronger siphon effect
in small-scale cities. Therefore, to advance the balanced development of urban GTFP,
it is essential to strengthen subsidies for cloud computing in small-scale cities, for
instance, by providing tax reductions or financial support to enterprises that deploy
cloud computing applications such as cloud-based carbon management systems and
green supply chain management platforms. @) Improve urban cloud computing in-
frastructure by promoting the adoption of low-carbon technologies (e.g., photovoltaic
power supply and waste heat recovery) in data centers to reduce the carbon emission
intensity of cloud computing infrastructure itself. Simultaneously, expand the inte-
grated coverage of 5G, edge computing, and green cloud platforms to enhance the
response efficiency of cloud computing’s green applications. (3) Further promoting the
integrated development of urban agglomerations, reducing regional administrative
monopoly, facilitating free factor mobility, and advancing urban international eco-
nomic activities. In further analysis, this paper finds that the implementation of urban
agglomeration integration policies, the reduction in administrative monopoly via the
Anti-Monopoly Law, and the rollout of cross-border e-commerce comprehensive pilot
zone policies are effective pathways to mitigate the siphon effect of cloud computing
on urban GTFP. Therefore, to enhance the positive spillover effects of urban cloud
computing on GTFP, government policy formulation should further advance regional
integrated development, shifting toward directions that promote cross-regional ex-
change and cooperation, enable free factor mobility, and drive international economic
and trade development.
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The following abbreviations are used in this manuscript:

GTFP Green Total factor productivity

DID Difference-in-Differences

SDID Spatial Difference in differences

SDM-DID Spatial Durbin Difference-in-Differences model

SAR Spatial autoregressive

SAR-event-study Spatial autoregressive event-study method

SAR-DID Spatial Autoregressive Difference-in-Differences model
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The map of China’s administrative divisions is as follows:
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Figure A2 shows parallel trends test using time-varying weight matrix.

(a) Time-varying economic weight matrix (b) Time-varying population weight matrix
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Figure A2. Parallel Trends Test using time-varying weight matrix. (a) using the time-varying
economic weight matrix and (b) using the time-varying population weight matrix. The vertical dashed
line indicates the selection of the first pre-policy period as the baseline for the event-study method.
Figure A3 present the Placebo test using the time-varying economic weight matrix.
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Figure A3. The Placebo test using the time-varying economic weight matrix. (a) presents the
placebo test of the coefficient for Treat; x Post;; (b) presents the placebo test of the coefficient for
WrTreat; x Post;. The vertical red line represents the estimated true value.

Figure A4 present the Placebo test using the time-varying population weight matrix.
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Figure A4. The Placebo test using the time-varying population weight matrix. (a) presents the
placebo test of the coefficient for Treat; x Post;; (b) presents the placebo test of the coefficient for
WTreat; x Post;. The vertical red line represents the estimated true value.
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