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Abstract

This study examines whether policy-driven digital transformation is associated with
changes in urban electricity consumption in China. Exploiting the implementation of
the “Broadband China” policy as a quasi-natural experiment, we employ a Difference-
in-Differences framework using panel data for 279 prefecture-level cities over the period
2006–2021. The results indicate that cities selected into the policy exhibit lower levels of
electricity consumption and electricity consumption intensity following implementation.
In the baseline estimates, treated cities experience an average reduction of approximately
7.1% in electricity consumption, while electricity consumption intensity declines by about
10.3%. We further explore heterogeneity and conditional effects across cities. The es-
timated association between digital transformation and electricity use is systematically
stronger in cities with higher levels of green technology innovation and urbanization,
suggesting that local innovative capacity and urban development conditions condition
the electricity-related implications of digital infrastructure expansion. In addition, hetero-
geneity analysis shows that the estimated effects are more pronounced in cities with more
advanced digital infrastructure, whereas differences in industrial structure do not yield
robustly differential responses within the sample period. Overall, the findings indicate that
the electricity-related effects of digital transformation are context-dependent and shaped
by complementary local conditions. This study contributes to the empirical literature on
digitalization and energy use by providing city-level evidence from a large-scale policy
intervention and by highlighting the role of digital infrastructure, innovation activity, and
urbanization in conditioning the energy implications of digital transformation.

Keywords: digital transformation; electricity consumption; green technology innovation;
urbanization

1. Introduction
Digital transformation is profoundly reshaping the global economic and social struc-

ture. According to the International Telecommunication Union (2023), global internet
penetration reached 67% in 2022, accelerating structure changes across industries and re-
gions. As one of the fastest-growing digital economies, China has actively promoted digital
development through a series of policy initiatives, among which the “Broadband China”
policy represents a major expansion of national digital infrastructure and a cornerstone of
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China’s digitalization strategy [1–3]. Meanwhile, the study of the environmental effects
of digital transformation has gradually become a hot topic of widespread concern among
scholars [4–10], including the impact of digital transformation on carbon emissions, energy
efficiency, sustainable or high-quality development, etc.

Despite the expanding literature, the impact of digital transformation on energy
consumption, particularly electricity consumption, remains a controversial issue in the
academic community. Some studies find that digital transformation can reduce electricity
use by improving energy efficiency and information coordination [11,12], while other
studies emphasize that the expansion of digital infrastructure itself may increase electricity
consumption demand through rebound effects and rising data-related energy use [13].
These mixed findings suggest that the electricity-related effects of digital transformation
are unlikely to be uniform and may depend critically on local economic structures and
development conditions.

In this context, green technology innovation and urbanization are frequently high-
lighted as potential conditioning factors shaping the relationship between digital transfor-
mation and energy consumption [14]. Rather than operating as direct causal mechanisms,
these factors may moderate how effectively digital infrastructure translates into energy
efficiency gains by influencing local absorptive capacity, technological adoption, and scale
economies. Drawing on the Technology–Organization–Environment (TOE) framework
and agglomeration economy theory as interpretive lenses, this study examines how the
electricity-related effects of digital transformation vary systematically with levels of green
technology innovation and urbanization. Empirically, we focus on 279 prefecture-level
cities in China over the period 2006–2021 and exploit the staggered implementation of the
“Broadband China” policy as a quasi-natural experiment. Using a Difference-in-Differences
framework with dynamic event-study specifications, we evaluate the association between
digital transformation and both electricity consumption and electricity consumption inten-
sity, while exploring conditional and heterogeneous effects across cities.

The findings reveal that digital transformation is associated with lower levels of both
electricity consumption and electricity consumption intensity. A series of robustness checks
support the stability of these baseline estimates. Further analyses show that the estimated
association between digital transformation and electricity use varies systematically with lo-
cal conditions. In particular, higher levels of green technology innovation and urbanization
are associated with stronger electricity-saving effects of digital transformation, consistent
with the presence of conditional effects rather than direct causal mechanisms. In addition,
heterogeneity analysis based on city characteristics suggests that the estimated reductions
in electricity consumption and electricity consumption intensity are more pronounced in
cities with more developed digital infrastructure. By contrast, differences in industrial struc-
ture do not generate robustly differential responses within the sample period, indicating
that industrial composition alone does not systematically condition the electricity-related
implications of digital transformation in this context.

Our research contributions can be summarized as follows: first, our study provides
city-level causal evidence on how a major digital infrastructure policy affects electricity
consumption and electricity intensity, leveraging the staggered rolling out of the “Broad-
band China” initiative in DID framework with dynamic event-study validation. Second,
our study examines moderating effects of green technology innovation and urbanization,
highlighting how local absorptive capacity and agglomeration conditions shape the mag-
nitude of policy impacts. Third, our study documents heterogeneous effects across cities
with different levels of pre-existing digital infrastructure and discusses why industrial
structure differences do not yield robustly differential effects within our sample period,
thereby offering more targeted implications for policy design.
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2. Literature Reviews
2.1. The Environmental Effects of Digital Transformation

Research on the environmental effects of digital transformation focuses on its impact
on energy consumption, particularly electricity consumption, and carbon emissions. Stud-
ies often use comprehensive indicators, such as information and communication technology
indices, to measure digital transformation, demonstrating its potential to enhance envi-
ronmental performance at the firm level through reduced energy intensity and improved
carbon performance [15,16]. For instance, Gao et al. [17] construct an information and com-
munication technology development index to examine the impact of digital transformation
on green total factor energy efficiency in Chinese cities, finding a positive effect moderated
by technological innovation and industrial structure.

In contrast, He and Chen [4] exploit the “Broadband China” policy as a quasi-natural
experiment to analyze its effect on the carbon performance of listed companies in China,
reporting reductions in carbon emissions and intensity. Related studies further explore the
Broadband China policy’s impact on electricity consumption, energy savings, and emission
reduction, identifying green technology innovation, technological progress, and industrial
upgrading as key moderators [11,18]. At the same time, some research emphasizes that
digital transformation may increase electricity demand due to the energy requirements
associated with the expansion and operation of digital infrastructure, thereby offsetting
potential efficiency gains [19].

Furthermore, the “Smart City” construction policy serves as another proxy for digital
transformation policies [7]. It has been used to examine the impact of digital transformation
on resource sustainability and regional carbon emission levels, with findings indicating
that urban digital transformation promotes resource sustainability through technological
innovation, structural change, and capital reallocation. Zhao et al. [20] assess the impact of
digital transformation on China’s power system, finding improvements in the efficiency of
renewable energy utilization. Liu and Wu [21] further show that higher levels of digital
transformation contribute to the high-quality development of energy firms. However,
evidence from firm-level and sectoral analyses remains mixed, particularly in light of the
relatively recent introduction of China’s “dual-carbon” targets [14].

Importantly, international evidence suggests that the environmental effects of dig-
ital transformation are highly context-dependent. Huang et al. [5], using data from
43 economies, find that digital transformation reduces carbon intensity only when it
is accompanied by sufficient domestic digital resources, technological advancement, fa-
vorable industry structure, and improvements in energy consumption patterns. This
finding highlights the importance of institutional and structural conditions in shaping the
environmental outcomes of digitalization.

Measurement approaches for digital transformation vary widely across studies. Com-
prehensive indices capture multiple dimensions of digitalization but require extensive
data inputs [17], while policy-based proxies offer clearer identification strategies at the
cost of finer-grained measurement. Sample selection and time horizons further influence
empirical findings, with urban-focused studies often reporting stronger energy-saving
effects [5]. From a theoretical perspective, endogenous growth theory posits that digital
transformation, as a general-purpose technology, can reduce energy consumption through
knowledge spillovers and efficiency gains [22].

At the institutional level, the European Union provides a useful contrast to the Chinese
experience. The EU’s “Digital Europe” program (2021–2027) emphasizes the integration
of digital technologies with energy efficiency objectives, including smart grids, data gov-
ernance, and demand-side management, within a mature regulatory and market-based
framework [23]. By comparison, China’s digital transformation has largely followed a
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policy-driven and infrastructure-first trajectory, exemplified by the “Broadband China”
initiative. This distinction implies that the energy implications of digital transformation in
China may differ from those observed in the EU, as large-scale infrastructure expansion can
simultaneously generate efficiency gains and additional electricity demand. Recognizing
these institutional differences is therefore essential for interpreting empirical results and
assessing the external validity of findings across regions.

Overall, the mixed findings in the existing literature are closely related to differences
in analytical levels, sectoral coverage, outcome variables, and institutional contexts. These
differences imply that the environmental and energy implications of digital transformation
are inherently context-dependent, which motivates our city-level analysis focusing on
electricity consumption and intensity.

2.2. The Moderating Effect of Green Technology Innovation

Green technology innovation is frequently highlighted as an important factor shap-
ing the environmental and energy-related implications of digital transformation. Green
technology innovation may condition how effectively digital infrastructure and digital
technologies translate into improvements in energy efficiency. From this perspective, the
Technology–Organization–Environment framework provides a useful interpretive lens, sug-
gesting that local technological capabilities and absorptive capacity influence the outcomes
of organizational and infrastructural change [24].

A growing body of empirical research documents a close association between green
technology innovation and improved energy or environmental performance. For example,
Xu et al. [15] and Gao et al. [17] find that higher levels of green technology innovation—such
as the adoption of smart grid technologies—are associated with lower energy intensity
through more efficient resource allocation. At the firm level, He et al. [25] demonstrate
that digital transformation is positively correlated with the quantity and quality of green
technology innovation in manufacturing, suggesting complementarities between digital
capabilities and innovative activities.

At the region and city levels, green technology innovation is increasingly recog-
nized as an effective means to balance economic development with environmental gov-
ernance [26,27]. Xu et al. [26], using prefecture-level city data, find that green technology
innovation positively affects carbon emission performance through several channels: en-
ergy consumption structure, industrial structure, urbanization, and foreign investment.
Meanwhile, Yu et al. [28], using the quasi-natural experiment of the “China’s Innovative
Cities” Pilot Program (ICP), show that the program significantly improves local carbon
emission performance. International evidence similarly indicates that green technology in-
novation and renewable energy deployment are associated with lower emissions, although
these relationships vary across institutional and economic contexts [29,30].

Importantly, existing studies also emphasize that the environmental benefits of green
technology innovation are not uniform. Du et al. [31] examine the impact of green technol-
ogy innovation on carbon emissions across 71 economies, finding that green technology
innovation contributes minimally to carbon emission reductions in economies with income
levels below a certain threshold, while its effect is significant in economies with higher
income levels. Lin and Ma [27] show that, although green technology innovation con-
tributes to reducing carbon emissions, the difference in impact is significant before and after
2010, with a less pronounced positive relationship before 2010. Zhang et al. [32] quantify
the impact of technology progress on carbon intensity in prefecture-level cities, noting
that while technology progress is vital in reducing carbon emissions, the rebound effect
mitigates these positive impacts.
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2.3. The Moderating Effect of Urbanization

Urbanization has long been recognized as an important factor shaping patterns of
energy consumption, particularly in rapidly urbanizing countries like China. From a theo-
retical perspective, agglomeration economy theory suggests that urbanization optimizes
energy allocation through scale effects and resource reallocation [33]. At the same time, the
environmental Kuznets curve (EKC) hypothesis highlights a non-linear relationship be-
tween urbanization and energy use, whereby early stages of urban expansion may increase
electricity consumption due to urban sprawl and infrastructure construction, while more
advanced stages may reduce energy intensity through efficiency gains and technological
upgrading [34].

Consistent with these theoretical perspectives, existing empirical evidence on the
relationship between urbanization and energy consumption remains mixed. Several studies
find that urbanization is associated with lower energy consumption or improved energy
efficiency, often attributed to agglomeration effects, technological progress, and improved
infrastructure provision [35–38]. Other studies, however, report positive associations
between urbanization and energy consumption or carbon emissions, emphasizing factors
such as urban spatial expansion, increased motorization, and the diffusion of energy-
intensive lifestyles [39–44].

The divergence in findings suggests that urbanization does not exert a uniform ef-
fect on energy use, but instead conditions how other structural changes—such as digital
transformation—translate into energy outcomes. In this sense, urbanization may influence
the extent to which digital infrastructure can be effectively integrated into urban systems,
including energy management, transportation, and public service provision. International
experience further supports this view. For example, India’s “Digital India” policy integrates
urbanization with digital transformation to enhance energy efficiency in smart cities [45],
whereas China’s “Broadband China” program prioritizes large-scale digital infrastructure
expansion, reflecting a more infrastructure-led and policy-driven approach.

In summary, the literature indicates that urbanization is best understood as a contex-
tual factor that shapes the electricity-related implications of digital transformation, rather
than as a direct causal mechanism. This perspective motivates our empirical focus on the
moderating role of urbanization in the relationship between digital transformation and
electricity consumption, allowing for heterogeneous effects across cities at different stages
of urban development.

3. Model Specification and Data
3.1. Model Specification

To assess the impact of digital transformation on electricity consumption and elec-
tricity consumption intensity, we employ the following Difference-in-Differences (DID)
regression models:

ln(EC it) = β0 + β1DTit + X′
itγ+ µi +φt + θrt + εit (1)

ln(EI it) = β0 + β1DTit + X′
itγ+ µi +φt + θrt + εit (2)

where “ ln(EC it)” represents the logarithm of electricity consumption for city i in year t,
the treatment variable “DTit” takes the value of one if city i in year t was designated as
a “Broadband China” pilot city, and zero otherwise. “ln (EIit)” denotes the logarithm of
electricity consumption intensity of city i in year t. The vector “X′

it” includes a series of
control variables. The terms µi, φt, and θrt account for the fixed effect of city-level, period-
level, and region-by-year, respectively. And “εit” is the error term. All regressions include
city fixed effects and year fixed effects to control for time-invariant city characteristics and
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common shocks. In addition, we include region-by-year fixed effects to absorb time-varying
regional shocks, such as region-specific economic cycles, energy policy adjustments, or
infrastructure investment trends, which may jointly affect electricity consumption and
policy implementation.

In all baseline and extended specifications, standard errors are clustered at the province
level. The clustering choice accounts for potential spatial correlation and common shocks
shared by cities within the same province, such as regionally coordinated infrastructure
investment, energy regulation, and macroeconomic policy adjustments. Importantly, al-
though the regressions include city fixed effects, year fixed effects, and region-by-year fixed
effects, residual correlation in the error terms may still persist within provinces over time.
Clustering at the province level therefore provides a conservative inference strategy by
allowing for arbitrary correlation of shocks across cities within the same province. The
sample includes 30 provinces, which satisfies conventional requirements for cluster-robust
inference. As such, province-level clustering is appropriate and consistent with standard
practice in empirical studies using Chinese city-level panel data.

To examine the dynamic effects of digital transformation on urban electricity con-
sumption and to assess the validity of the parallel-trends assumption, we estimate an
event-study specification. Specifically, we interact the treatment indicator with a series of
event-time dummies that capture the number of years relative to the first implementation
of the “Broadband China” policy in each city.

The event-time indicators include multiple leads and lags relative to the policy im-
plementation year. The year immediately preceding the policy implementation (t = −1)
is normalized as the omitted baseline period, following standard practice in event-study
designs to mitigate concerns about potential anticipatory responses. To preserve sample
size, event times beyond the maximum window are grouped into endpoint categories. The
estimated coefficients on the lead terms (t ≤ −2) are small and statistically insignificant,
indicating no systematic differences in pre-policy trends in urban electricity consumption
between pilot and non-pilot cities. This finding supports the parallel-trends assumption
underlying the DID design.

In contrast, the lag coefficients (t ≥ 0) capture the dynamic post-treatment effects
of digital transformation. The results show that the estimated impact on urban electricity
consumption is not immediate but becomes statistically discernible approximately two
years after policy implementation and strengthens thereafter. Figure 1 plots the event-
study coefficients with 95% confidence intervals, where the vertical line denotes the policy
implementation year.

Figure 1. Parallel trend test for the impact of electricity consumption and electricity consumption
intensity with their dynamic effects.
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3.2. Data

Our study constructs a panel dataset of 279 prefecture-level cities in China from
2006 to 2021 to evaluate the impact of digital transformation on electricity consumption
and electricity consumption intensity. The dataset comprises 147 cities designated as
“Broadband China” pilot cities, forming the treatment group, and 132 non-pilot cities,
constituting the control group. The “Broadband China” policy, officially launched in 2013,
was implemented in a staggered manner across three pilot batches, with cities entering
the program in 2014, 2015, and 2016, respectively. This staggered rollout provides a quasi-
natural experiment for identifying the causal effects of digital transformation [46,47]. The
spatial distribution and batch assignment of pilot and non-pilot cities are illustrated in
Figure 2. The period begins in 2006 to ensure sufficient pre-policy observations for the
parallel trend assumption in the Difference-in-Differences model.

 

Figure 2. The map of “Broadband China” pilot cities. (Note: The orange five-pointed star marks
Beijing, the capital of China.)

As previously mentioned, the proxy variable for electricity consumption is total elec-
tricity consumption, and electricity consumption intensity is measured as total electricity
consumption divided by the cities’ GDP [11]. Electricity consumption intensity is com-
monly employed to assess the efficiency of electricity use, with higher values indicating
lower efficiency [11,48]. The “X′

it” vector includes various control variables to capture
differences in economic characteristics between the treatment and control groups. These
variables encompass population size, per capita gross regional product, government spend-
ing, industrial structure, retail sales, and population density.

The “Broadband China” pilot city list and designation years were sourced from the
Ministry of Industry and Information Technology (https://wap.miit.gov.cn) and veri-
fied with official policy documents (Ministry of Industry and Information Technology,
2014–2016). Electricity consumption data were obtained from the China Energy Sta-
tistical Yearbook and China City Statistical Yearbook. Patent data for green technol-
ogy innovation were extracted from the National Intellectual Property Administration
(http://www.cnipa.gov.cn), using green technology patents per the World Intellectual
Property Organization’s green inventory. Economic and demographic data (population
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size, gross domestic product, industrial structure, population density, retail sales) were
compiled from the China Statistical Yearbook and China City Statistical Yearbook.

Thus, data exclusions resulted from missing values, primarily in electricity consump-
tion, electricity consumption intensity, and control variables. The variation in observation
counts reflects differences in data availability across sources. Importantly, an examina-
tion of the missing patterns about electricity consumption intensity indicates that these
missing observations are largely driven by reporting gaps in electricity and GDP statistics
rather than being systematically concentrated in specific cities, regions, or policy groups,
alleviating concerns about potential sample selection bias. The missing patent data were
imputed as zero for cities with no recorded green technology patents, assuming negligible
innovation activity. Continuous variables were winsorized at the 1st and 99th percentiles
to address outliers, ensuring robust statistical analysis. Monetary variables were adjusted
to 2006 constant prices using the consumer price index from the China Statistical Yearbook.
The descriptive statistics of the variables are summarized in Table 1.

Table 1. Descriptive statistics.

Variable Definition Obs. Mean Std. Dev. Min Max

electricity
consumption

Log (total electricity consumption
(unit: ten thousand kWh)) 4158 13.331 1.268 8.994 16.678

electricity
consumption

intensity

Log (total electricity consumption
(unit: ten thousand kWh)/GDP (unit: yuan)) 3886 6.122 0.757 3.567 9.571

digital
transformation

The city is selected to participate in
Broadband China policy would take values 1;

Otherwise: 0.
4447 0.230 0.421 0 1

pop Log (population
(unit: ten thousand persons)) 4140 5.895 0.681 2.868 8.136

pgdp Log (GDP per capita (unit: yuan)) 4131 10.471 0.717 7.926 13.056

ind the ratio of secondary industrial output
to GDP 4138 0.469 0.111 0.117 0.856

popden
Population (unit: ten thousand

persons)/Administrative area (unit: km2)
4140 0.044 0.038 0 0.862

retail
Total retail sales of consumers goods

(unit: ten thousand yuan)/GDP
(unit: ten thousand yuan)

4129 0.366 0.104 0 1.013

4. Empirical Results
4.1. Baseline Results

Table 2 reports the baseline Difference-in-Differences estimates of the impact of digital
transformation on urban electricity consumption. Columns (1) and (2) indicate that the
coefficient on digital transformation is negative and statistically significant at the 10%
level, both in specifications without control variables and in those including a full set of
covariates. Quantitatively, the estimation results suggest that the implementation of the
“Broadband China” policy is associated with an average reduction of approximately 7.1%
in total electricity consumption in pilot cities relative to non-pilot cities. The magnitude
of the estimated effect remains stable across alternative specifications, suggesting that the
result is not driven by the inclusion or exclusion of observable city-level characteristics.

Although the statistical significance of the coefficient is at the 10% level, the estimated
effect is economically meaningful in size and comparable to magnitudes reported in related
studies examining the energy implications of digital technologies [49,50]. In line with
recent empirical evidence, this pattern is consistent with the notion that improvements in
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digital infrastructure may be associated with reductions in aggregate electricity demand,
potentially through efficiency-enhancing adjustments in production processes, information
flows, and energy management. At the same time, given the relatively modest level
of statistical significance, the estimated effect is interpreted as suggestive rather than
definitive evidence, and its broader implications are discussed with appropriate caution in
the Discussion section.

Columns (3) and (4) present the corresponding estimates using electricity consumption
intensity as the dependent variable. Consistent with the results for aggregate electricity
consumption, the coefficient on digital transformation remains negative and statistically
significant, indicating a decline in electricity consumption per unit of GDP following
policy implementation. Compared with the consumption regressions, the intensity-based
estimates suggest that the association between digital transformation and electricity use is
more pronounced when electricity demand is evaluated relative to economic output, rather
than in absolute terms. This finding implies that digital transformation is more closely
related to improvements in electricity-use efficiency than to proportional reductions in total
electricity consumption alone.

Notably, several control variables—including population size and per capita GDP—
exhibit different coefficient patterns across the consumption and intensity specifications.
This reflects the fact that these variables capture distinct economic margins depending on
the dependent variable. When total electricity consumption is considered, population and
income primarily proxy for scale effects in electricity demand. In contrast, when electricity
consumption intensity is used, these variables capture differences in electricity use per
unit of economic output, thereby reflecting efficiency, density, and agglomeration-related
effects. Accordingly, changes in the magnitude or significance of these coefficients across
specifications are expected and do not indicate instability in the estimated policy effect.

Table 2. Baseline results: Digital transformation and urban electricity use.

(1) (2) (3) (4)
Electricity Consumption Electricity Consumption Intensity

digital
transformation −0.112 ** −0.071 * −0.110 * −0.103 **

(0.046) (0.040) (0.059) (0.044)
pop −0.070 −0.758 ***

(0.300) (0.255)
pgdp 0.390 ** −0.230

(0.151) (0.174)
ind 0.599 0.170

(0.399) (0.441)
popden −1.049 * −1.060 **

(0.574) (0.502)
retail 0.166 0.425 *

(0.220) (0.237)
cons 12.489 *** 8.796 *** 6.232 *** 12.679 ***

(0.039) (2.512) (0.085) (2.236)
Year Fixed Yes Yes Yes Yes
City Fixed Yes Yes Yes Yes

Region * Year Fixed Yes Yes Yes Yes
N 4158 3654 3886 3654

R-sq 0.765 0.763 0.451 0.460
Notes: Robust standard error is reported, and clustered at the province level. *, **, *** represent that the significant
level below 10%, 5%, 1%, respectively.
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In conclusion, the baseline results provide coherent evidence that digital transfor-
mation, as proxied by the “Broadband China” policy, is associated with lower levels of
both aggregate electricity consumption and electricity consumption intensity in pilot cities.
While these associations are broadly consistent with existing empirical findings on the
energy-related effects of digital technologies [5,11], we refrain from drawing strong causal
or mechanistic conclusions at this stage. Instead, these baseline estimates serve as a founda-
tion for the subsequent analysis, in which we further explore dynamic patterns, robustness,
heterogeneity, and potential channels through which digital transformation may be linked
to urban electricity use.

4.2. Robustness Test

(1) Parallel Trend Test

To ensure the robustness of our baseline estimation results, it is crucial to verify that the
Difference-in-Differences specification satisfies the parallel trend assumption [51,52]. The
assumption is fundamental to validating causal inferences, as it ensures that any observed
changes in urban electricity consumption are attributable to the “Broadband Chin” policy
rather than pre-existing differences in trends between the treatment and control groups.

While the baseline estimates provide valuable insights into the average effect of
the “Broadband Chin” policy on urban electricity consumption, they do not capture the
policy’s dynamic impact over time. To address this limitation, we employed an event study
approach [53,54]. The method allows us not only to test the parallel trend assumption but
also to examine the dynamic effects of the policy on urban electricity consumption.

Figure 2 reports the event-study estimates results. The year immediately preceding
policy implementation (t = −1) is normalized as the omitted baseline period, following
standard practice to mitigate concerns about potential anticipatory responses. The es-
timated coefficients on the lead terms (t ≤ 2) are small in magnitude and statistically
insignificant, and their 95% confidence intervals, depicted by vertical bars, all include zero.
This indicates no systematic differences in pre-policy trends between pilot and non-pilot
cities and supports the parallel-trends assumption underlying the DID framework. In
contrast, the post-treatment coefficients suggest that the policy effect is not immediate. The
impact of the “Broadband China” policy on electricity consumption becomes statistically
discernible approximately two years after implementation and continues to strengthen
thereafter, consistent with a gradual adjustment process associated with infrastructure
deployment and technology adoption. For clarity, Table 3 summarizes the definition and
windowing of the event-time dummy variables used in the event-study specification.

Table 3. Definition of event-time indicators in the event-study specification.

Event-Time Indicator Definition

pre_3 and earlier Years ≤ 3 before policy implementation (binned)
pre_2 Two years before implementation (t = −2)
pre_1 One year before implementation (t = −1, omitted baseline)

current Year of policy implementation (t = 0)
post_1 One year after implementation (t = +1)
post_2 Two years after implementation (t = +2)

post_3 and later Years ≥ 3 after implementation (binned)

(2) PSM-DID Method

To further strengthen our findings’ reliability and mitigate potential biases resulted
from sample selection [55], we applied the Propensity Score Matching (PSM) method to
re-estimate the baseline DID model. This approach involved calculating propensity scores
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for each city using a set of covariates and then matching pilot cities with control cities
that exhibited similar characteristics. The matched sample was subsequently used for
the benchmark regression analysis [56]. The PSM-DID estimation results, as reported in
Table 4, are consistent with the baseline findings, though the estimated policy effect is
slightly smaller. This slight reduction suggests that any potential overestimation due to
selection bias is minimal. Overall, our analysis robustly supports the conclusion that the
“Broadband Chin” policy could significantly reduce electricity consumption and improves
electricity consumption intensity in pilot cities, reinforcing the broader narrative of digital
transformation contributing to energy efficiency and sustainability.

Table 4. PSM-DID estimation results.

(1) (2) (3) (4)
Electricity Consumption Electricity Consumption Intensity

digital
transformation −0.097 ** −0.066 * −0.098 * −0.096 **

(0.039) (0.038) (0.053) (0.043)
pop −0.151 −0.838 ***

(0.297) (0.253)
pgdp 0.285 * −0.330 *

(0.147) (0.181)
ind 0.857 * 0.427

(0.439) (0.488)
popden −1.145 * −1.169 **

(0.560) (0.491)
retail 0.129 0.379

(0.215) (0.233)
cons 12.409 *** 10.176 *** 6.188 *** 13.987 ***

(0.030) (2.393) (0.035) (2.204)
Year Fixed Yes Yes Yes Yes
City Fixed Yes Yes Yes Yes

Region * Year Fixed Yes Yes Yes Yes
N 3559 3559 3559 3559

R-sq 0.756 0.764 0.462 0.479
Notes: This table reports PSM-DID estimation results. Robust standard errors are clustered at the province level.
*, **, *** denote significance at the 10%, 5%, and 1% levels, respectively.

Although the PSM-DID approach helps mitigate sample selection bias by improving
the comparability between treated and control cities, it cannot fully eliminate potential
estimation bias arising from unobserved time-varying confounders [57,58]. To further assess
whether such unobserved factors may drive our baseline results, we conduct a placebo test
based on the non-parametric permutation procedure proposed by La Ferrara et al. [59].

Specifically, we randomly draw 147 prefecture-level cities from the full sample—
matching the actual number of “Broadband China” pilot cities—to construct a placebo
treatment group, while the remaining cities form a placebo control group. For each placebo-
treated city, a pseudo-policy implementation year is randomly assigned from the period
2006–2021. We then re-estimate the baseline DID specification using this artificially re-
assigned treatment status and timing. This randomization-and-estimation procedure is
repeated 1000 times, generating an empirical null distribution of placebo estimates for both
electricity consumption and electricity consumption intensity.

Figure 3 presents the kernel density distributions of the 1000 placebo coefficients for
each outcome, with the standard normal density overlaid for reference. In both cases,
the placebo estimates are symmetrically distributed around zero, with sample means
close to zero and no evidence of systematic skewness or location shifts. This pattern
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indicates that, under random assignment of treatment status and timing, the estimator
does not mechanically generate spurious negative effects. Importantly, the baseline DID
estimates (−0.071 for electricity consumption and −0.103 for electricity consumption
intensity) lie in the extreme left tails of their respective placebo distributions. Virtually
none of the 1000 placebo estimates attain magnitudes as large as the baseline coefficients
in the negative direction, implying that the corresponding two-sided placebo p-values are
close to zero. The result suggests that the observed baseline estimates are highly unlikely
to arise purely from random assignment or unobserved confounders that are orthogonal to
the policy intervention.

The placebo test provides supportive evidence that the negative association between
the “Broadband China” policy and urban electricity use is not driven by spurious cor-
relations or estimation artifacts. While the test cannot rule out all forms of endogeneity,
it strengthens confidence in the internal validity of the DID estimates and supports the
interpretation that the observed effects reflect systematic policy-related differences rather
than random variation.

Figure 3. Distribution of estimates in placebo test.

4.3. The Moderating Effects of Green Technology Innovation and Urbanization

The extensive literature review highlights the critical roles that green technology
innovation and urbanization play as moderating variables in assessing the environmental
impact of digital transformation. In our study, green technology innovation is proxied by
the logarithm of per capita green patent applications, capturing cross-city differences in the
intensity of environmentally oriented innovative activity, while urbanization is measured
by the city-level urbanization rate, reflecting the degree of population concentration and
urban development. These moderators are therefore interpreted as indicators of local
absorptive capacity and urban context rather than direct policy instruments.

To examine whether the association between digital transformation and electricity
use varies systematically with these local characteristics, we incorporate interaction terms
between the “Broadband China” policy dummy and each moderator into the baseline
model. The results are presented in Table 5. Columns (1) and (3) illustrate that the interac-
tion terms between digital transformation and green technology innovation are negative
and statistically significant at the 1% level for both electricity consumption and electricity
consumption intensity. These results indicate that the association between digital transfor-
mation and electricity use becomes increasingly negative as the level of green technology
innovation rises. In other words, while the estimated main effect of digital transformation
reflects the conditional effect evaluated at low levels of green innovation, higher green
innovation activity systematically strengthens the electricity-saving association of digital
transformation. The finding is consistent with previous research from Wang et al. [60];
Ren and Li [61].
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A similar but quantitatively stronger pattern is observed for urbanization. Columns (2)
and (4) in Table 5 focus on the interaction between urbanization and digital transformation.
The results indicate that the interaction terms between digital transformation and urban-
ization are negative and highly significant across both outcome variables. These estimates
suggest that the electricity-related effects of digital transformation are substantially more
pronounced in more urbanized cities. Importantly, the positive coefficients on the digital
transformation main effect in these specifications should be interpreted in conjunction with
the interaction terms, as they represent the conditional effect evaluated at low levels of
urbanization rather than the average policy effect.

Although the interaction coefficients—particularly those involving urbanization—
appear large in magnitude, their interpretation should be considered in light of variable
scaling. Urbanization is measured as a proportion, such that the reported coefficients
correspond to changes over the full [0, 1] range. When evaluated at economically plausible
changes, such as a one-standard-deviation increase in urbanization or green technology
innovation, the implied marginal effects on electricity consumption are moderate and
consistent with observed cross-city variation.

Table 5. The estimation results of moderating effects.

(1) (2) (3) (4)
Electricity Consumption Electricity Consumption Intensity

digital transformation −0.078 * 0.803 *** −0.113 ** 0.927 ***
(0.043) (0.160) (0.048) (0.16836)

Green Technology Innovation 0.085 *** 0.086 ***
(0.027) (0.028)

digital transformation * Green
Technology Innovation −0.113 *** −0.141 ***

(0.023) (0.023)
Urbanization 0.392 ** 0.375 **

(0.148) (0.157)
digital transformation * Urbanization −1.421 *** −1.675 ***

(0.246) (0.255)
pop 0.091 0.126 0.116 −0.535 **

(0.259) (0.254) (0.398) (0.223)
pgdp 0.323 ** 0.262 −0.892 ** −0.377 *

(0.147) (0.163) (0.344) (0.187)
ind 0.547 0.630 0.265 0.206

(0.364) (0.380) (0.222) (0.415)
popden −0.905 ** −0.817 ** −0.561 ** −0.795 ***

(0.439) (0.363) (0.209) (0.262)
retail 0.042 −0.019 −0.310 * 0.209

(0.210) (0.212) (0.173) (0.221)
cons 8.751 *** 8.721 *** 12.542 *** 12.636 ***

(2.189) (2.395) (1.957) (2.318)
Year Fixed Yes Yes Yes Yes
City Fixed Yes Yes Yes Yes

Region * Year Fixed Yes Yes Yes Yes
N 3631 3654 3631 3654

R-sq 0.769 0.771 0.482 0.485
Notes: This table presents the regression results of moderating effects. Robust standard errors are clustered at the
province level. *, **, *** denote significance at the 10%, 5%, and 1% levels, respectively.

Overall, these findings highlight that the relationship between digital transformation
and electricity consumption is highly heterogeneous across local contexts. Cities with higher
levels of green technology innovation and urbanization tend to exhibit stronger electricity-
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saving associations following digital infrastructure expansion. These interaction effects
capture systematic moderation rather than direct causal mechanisms and highlight the
importance of local conditions in shaping the energy implications of digital transformation.

4.4. Heterogeneity Analysis

Table 6 presents the heterogeneity analysis examining whether the effects of digital
transformation vary across cities with different levels of digital infrastructure and industrial
structure. The sample is divided into subgroups based on above- and below-median values
of these city-level characteristics. Digital infrastructure is measured by the number of
Internet broadband access users per 10,000 registered residents, capturing differences in
population-adjusted broadband penetration and basic digital connectivity across cities.
Industrial structure is proxied by the ratio of secondary to tertiary industry value added,
reflecting the relative dominance of industrial versus service-oriented economic activities.

The results, which are shown in columns (1) to (4) of Table 6, indicate that the negative
association between digital transformation and both electricity consumption and electricity
consumption intensity is larger in magnitude and statistically stronger in cities with more
developed digital infrastructure. In contrast, the corresponding coefficients for cities with
relatively lower broadband penetration are smaller and, in some specifications, statistically
insignificant. These patterns suggest that the electricity-related effects of the “Broadband
China” policy are more pronounced in urban environments where basic digital connectivity
is already relatively well established. It is in line with the study from Sun [62]. The
finding suggests that advanced digital infrastructure plays a critical role in amplifying the
energy-saving effects of digital transformation initiatives [63,64].

Table 6. Heterogeneity analysis results.

(1) (2) (3) (4) (5) (6) (7) (8)
Electricity

Consumption
Electricity

Consumption Intensity
Electricity

Consumption
Electricity

Consumption Intensity

digital
transformation −0.165 *** 0.030 −0.188 *** 0.012 −0.100 −0.043 −0.140 * −0.068

(0.044) (0.056) (0.050) (0.057) (0.070) (0.051) (0.071) (0.056)
pop −0.273 0.657 −0.750 ** −0.164 −0.362 0.284 −1.031 *** −0.417

(0.400) (0.441) (0.351) (0.461) (0.339) (0.405) (0.292) (0.375)
pgdp 0.376 *** 0.209 −0.125 −0.580 ** 0.539 *** 0.298 −0.043 −0.338

(0.120) (0.274) (0.181) (0.272) (0.161) (0.189) (0.179) (0.219)
ind −0.038 1.117 ** −0.502 0.851 * 0.213 0.668 −0.100 0.187

(0.897) (0.478) (0.982) (0.479) (0.660) (0.451) (0.666) (0.508)
popden −0.688 ** 0.268 −0.685 ** 0.973 −0.586 *** −6.183 −0.602 *** −5.361

(0.313) (2.059) (0.283) (2.390) (0.213) (5.239) (0.166) (5.103)
retail 0.604 ** −0.304 0.985 *** −0.197 0.851 *** −0.365 1.139 *** −0.135

(0.291) (0.335) (0.320) (0.338) (0.295) (0.259) (0.317) (0.279)
cons 11.032 *** 5.634 12.125 *** 11.955 *** 9.250 *** 7.813 ** 12.485 *** 11.979 ***

(2.618) (3.993) (1.970) (4.072) (2.828) (3.011) (2.707) (2.861)
Year Fixed Yes Yes Yes Yes Yes Yes Yes Yes
City Fixed Yes Yes Yes Yes Yes Yes Yes Yes

Region * Year
Fixed Yes Yes Yes Yes Yes Yes Yes Yes

N 1062 2592 1062 2592 1278 2376 1278 2376
R-sq 0.766 0.788 0.414 0.535 0.755 0.777 0.473 0.481

Notes: This table displays the results of heterogeneity analysis. Robust standard errors are clustered at the
province level. *, **, *** denote significance at the 10%, 5%, and 1% levels, respectively.
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On the other hand, the analysis results, which are shown in columns (5) to (8) of
Table 6, report the corresponding results for cities grouped by industrial structure. Unlike
digital infrastructure, the estimated effects of digital transformation do not display a clear
or consistent pattern across cities with different industrial compositions. While some
coefficients remain negative, they are generally weaker and statistically less robust. This
indicates that, within the sample period considered, differences in industrial structure do
not systematically condition the association between digital transformation and urban
electricity use.

The heterogeneity analysis highlights the context-dependent nature of digital trans-
formation policies. While digital infrastructure appears to play a salient role in shaping
the observed electricity-related effects, industrial structure exhibits a more limited and
heterogeneous influence. These results should be interpreted as evidence of differential
associations across city types rather than as confirmation of specific causal mechanisms.

5. Discussion, Policy Implications, and Limitations
5.1. Discussion

Our study examines the relationship between policy-driven digital transformation
and urban electricity use in China by exploiting the “Broadband China” policy as a quasi-
natural experiment. The empirical results indicate that digital transformation is associated
with reductions in both aggregate electricity consumption and electricity consumption
intensity. Importantly, the dynamic event-study evidence suggests that these effects do
not materialize immediately after policy implementation but emerge gradually over time,
becoming statistically detectable several years after implementation. As such, the esti-
mated effects primarily reflect medium-term adjustments associated with the diffusion
and effective utilization of digital infrastructure rather than short-run shocks or long-run
equilibrium outcomes. Moreover, the estimated effects are generally statistically significant
at the 10% level and therefore warrant cautious interpretation. This section situates the
findings within the existing literature, interprets the observed heterogeneity across cities,
and clarifies the implications of statistically modest but economically meaningful estimates.

Overall, the results are broadly consistent with a strand of the literature documenting
energy-saving or efficiency-enhancing effects of digital technologies and digital infrastruc-
ture [6,11,49]. These studies emphasize that digital transformation can improve information
flows, reduce coordination costs, and facilitate more efficient energy management. At the
same time, our findings also resonate with studies reporting weak, neutral, or even positive
effects of digitalization on energy consumption, often attributed to rebound effects or the
electricity demand associated with the expansion of digital infrastructure itself [13,19].
The relatively modest statistical significance observed in our estimates suggests that these
opposing forces may coexist, with the net effect depending on local structural and infras-
tructural conditions.

Both the moderating effect analysis and the heterogeneity analysis point to substan-
tial cross-city variation in the electricity-related implications of digital transformation.
In particular, the heterogeneity results indicate that the electricity-saving associations of
digital transformation are more pronounced in cities with higher levels of digital infras-
tructure, while being weaker or statistically insignificant in cities with less developed
digital foundations. This pattern is consistent with the notion of complementarity between
digital infrastructure and local absorptive capacity. Cities with more advanced digital
infrastructure are better positioned to integrate digital technologies into production pro-
cesses, public governance, and energy management systems, thereby translating digital
transformation into observable efficiency gains. In contrast, in cities where basic digital
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connectivity remains underdeveloped, potential benefits may be constrained by adjustment
costs, institutional frictions, or limited capacity to effectively utilize digital technologies.

By contrast, we find limited and unstable heterogeneity with respect to industrial
structure. The absence of a clear pattern suggests that differences in industrial composi-
tion do not systematically condition the relationship between digital transformation and
electricity use within the sample period. One possible interpretation is that the presence
of energy-intensive industries dampens the observable electricity-saving associations of
digital transformation. While digital technologies may improve efficiency at the margin,
these gains can be offset by the scale and rigidity of electricity demand in manufacturing-
dominated cities. This interpretation is in line with prior studies indicating that the envi-
ronmental benefits of digitalization often depend on deeper structural transformation and
sustained industrial upgrading.

Several key coefficients in the baseline, moderating, and heterogeneity analyses are
statistically significant at the 10% level. Following recent methodological guidance, we
interpret these estimates as suggestive rather than definitive evidence. While the estimated
magnitudes are economically meaningful and robust across alternative specifications, they
should not be interpreted as conclusive proof of strong causal effects. Instead, the results
point to systematic and theoretically consistent associations that merit further investigation
using alternative identification strategies or longer time horizons.

5.2. Policy Implications

Despite the above caveats, the findings offer several policy-relevant insights for the
design and implementation of digital transformation strategies in the context of energy
conservation and sustainable development.

First, the results suggest that investments in digital infrastructure are more likely to
generate electricity-saving benefits in cities that already possess relatively strong digital
foundations. Policymakers may therefore consider a differentiated approach to digital
infrastructure investment. In digitally advanced cities, further upgrading of broadband
networks and digital platforms may enhance efficiency gains in energy use. In less de-
veloped cities, complementary investments in digital readiness—such as human capital
development, institutional capacity building, and basic digital services—may be necessary
before substantial energy-related benefits can be realized.

Second, the stronger associations observed in more urbanized cities indicate that digital
transformation policies may be more effective when aligned with broader urbanization and
smart city strategies. Integrating digital infrastructure development with urban planning,
intelligent energy management systems, and public service digitization could help amplify
potential efficiency gains associated with digitalization.

Third, the limited role of industrial structure heterogeneity highlights the importance
of coordinating digital transformation policies with industrial and energy policies. In cities
with a high concentration of energy-intensive industries, digital technologies alone may be
insufficient to generate large reductions in electricity consumption. In such contexts, digital
transformation should be complemented by policies promoting industrial upgrading,
stricter energy efficiency standards, and the adoption of cleaner production technologies.

Finally, policymakers should remain attentive to potential rebound effects and dis-
tributional consequences associated with digital infrastructure expansion. While digital
transformation may improve efficiency, it can also stimulate new forms of electricity de-
mand. Balancing efficiency improvements with demand-side management will be critical
to ensuring that digitalization contributes to long-term energy sustainability.
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5.3. Limitations and Future Research

Our study has several limitations that should be acknowledged. First, the “Broadband
China” policy indicator captures a specific, policy-driven dimension of digital transforma-
tion and may not fully reflect its multidimensional nature, such as differences in usage
intensity, quality of digital services, or the diffusion of complementary digital applications.

Second, although the quasi-natural experiment design and a series of robustness
checks mitigate concerns about endogeneity, unobserved factors correlated with pilot
city selection cannot be entirely ruled out. Future research could employ alternative
identification strategies, such as instrumental variable approaches or natural experiments
in other institutional settings, to further strengthen causal inference.

Third, the analysis is confined to the period up to 2021. As digital technologies continue
to evolve rapidly, the longer-term energy implications of more recent developments—
such as advanced artificial intelligence applications or next-generation communication
technologies—remain uncertain. Extending the time horizon and incorporating richer
measures of digital transformation would be a valuable direction for future research.

Finally, the focus on Chinese prefecture-level cities may limit the generalizability of the
findings to countries with different institutional environments or digitalization pathways.
Comparative studies across countries or regions could provide additional insights into how
institutional context shapes the energy impacts of digital transformation.
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