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Abstract

Digitalization and decarbonization are unfolding in parallel, yet firm-level evidence on
whether digital economy development delivers substantive low-carbon performance re-
mains mixed. Using a 2008-2022 panel of Chinese listed firms matched to a city-level dig-
ital economy index, we estimate lagged fixed-effects models and examine capability and
governance channels through firm digital transformation and ESG disclosure. The local
digital economy is positively associated with the green transition level (GT beta =
0.0044,p < 0.01) and transition speed (GTS beta = 0.0039,p < 0.10), and it significantly
increases digital transformation (DT beta = 0.1431,p < 0.01) and ESG disclosure (ESG
beta = 0.9790,p < 0.01), consistent with partial mediation. By contrast, effects on carbon
intensity are small and become insignificant once year effects are included, indicating that
short-run emissions outcomes are dominated by macro energy conditions and potential
rebound forces. Overall, digital development appears to accelerate strategic transition and
disclosure capacity more quickly than operational emissions efficiency. Policy implica-
tions are twofold: align digital infrastructure with ESG data governance and verification,
and coordinate digitalization with energy-system reforms to enable sustained emissions
reductions.

Keywords: digital economy development; digital transformation; ESG disclosure;
corporate low-carbon transition; carbon intensity; sustainability indicators

1. Introduction

Digitalization and decarbonization are unfolding as intertwined transitions that in-
creasingly shape firm strategy and public policy. Digital technologies such as data plat-
forms, analytics, and cloud infrastructure can improve measurement, prediction, and co-
ordination, which in turn supports more precise energy management and carbon moni-
toring [1-3]. These features make it plausible that digital infrastructure can support firm-
level low-carbon transition [4,5], and recent evidence links regional digitalization to in-
dustrial efficiency gains and progress toward SDG-7 [6,7].

A central challenge is measurement. Sustainability assessment increasingly relies on
indicators that are interpretable, comparable, and linked to management levers. Yet firm-
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level low-carbon transition is multi-dimensional and rarely captured by a single metric.
We therefore adopt an indicator suite that combines green transition level (GT), green
transition speed (GTS), and carbon intensity (EI), consistent with indicator selection prin-
ciples that emphasize conceptual relevance, feasibility, and responsiveness [8-10].

The digital economy is an ecosystem rather than a single technology. It includes
broadband and data infrastructure, digital finance, software services, and platform-based
coordination that reduces transaction costs and enables new organizational forms. Be-
cause these components are locally embedded, firms face heterogeneous digital oppor-
tunity sets even within a unified regulatory regime. Access to digital services and finance
can reshape the feasibility and returns to low-carbon investment, especially for firms that
lack in-house capabilities.

Digitalization is not inherently green. Data centers, devices, and networks draw elec-
tricity and can trigger rebound effects when efficiency gains lower costs and expand out-
put [11-14]. The net environmental effect depends on energy mix, grid carbon intensity,
and the pace of capital turnover. This ambiguity reinforces the need to distinguish strate-
gic transition signals from operational emissions outcomes.

China provides an informative setting. The country combines rapid digital infrastruc-
ture rollout with ambitious climate commitments, while regions vary widely in digital
capacity, industrial structure, and energy mix. Listed firms face growing disclosure pres-
sure, yet emissions data remain incomplete, which makes disclosure-based indicators
both useful and potentially sensitive to interpretation.

Against this background, we ask whether local digital economy development facili-
tates corporate low-carbon transition and through which channels. We link a city-level
digital economy index to a 2008-2022 panel of Chinese listed firms and estimate lagged
fixed-effects models for GT, GTS, and EI. We examine capability and governance channels
through firm digital transformation and ESG disclosure to clarify how external digital
conditions translate into firm behavior.

This study contributes in three ways. First, it offers an indicator-based measurement
framework that separates transition level, speed, and emissions intensity. Second, it pro-
vides mechanism evidence on capability building and disclosure governance, helping ex-
plain when digitalization translates into low-carbon trajectories. Third, it yields policy im-
plications for sequencing: digital infrastructure can accelerate strategic transition and dis-
closure capacity, but sustained emissions reductions require complementary energy-sys-
tem reforms and credible ESG governance.

The remainder of the paper is organized as follows. Section 2 reviews the literature
and develops hypotheses. Section 3 describes the data and indicator construction. Section
4 presents the empirical strategy. Section 5 reports baseline, mechanism, and robustness
results. Sections 6 and 7 discuss implications and conclusions.

2. Literature Review and Hypotheses

Research on sustainability assessment argues that complex socio-environmental pro-
cesses should be summarized by a concise, interpretable indicator set that balances sensi-
tivity and feasibility. This supports our use of GT/GTS (disclosure-based transition dy-
namics) alongside carbon intensity (operational outcome) as a monitoring suite [8-10].

2.1. Digital Economy and Environmental Outcomes

Digital economy scholarship treats it as a general-purpose technology that reshapes
production and organization [4,5]. Studies of digital innovation and strategy add that
data-driven decision rights and platform architectures reorganize firms and supply chains
[1-3]. By lowering information frictions and enabling real-time coordination, these sys-
tems can lift productivity and facilitate energy-saving process optimization, implying that
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digital infrastructure can complement environmental regulation by reducing monitoring,
verification, and compliance costs [4-6]. This logic aligns with regulation-innovation ar-
guments and directed technical change frameworks [15-17]. Recent empirical studies for
China also report heterogeneous associations between digital economy development and
emissions outcomes, suggesting that net environmental effects may vary across regions
and industries [18-23].

Digital tools can also make environmental performance more observable by enabling
more granular monitoring of energy use and process conditions [6]. Smart devices and
data systems help firms identify bottlenecks and optimize production and logistics, and
firm-level evidence links stronger digital orientation to improvements in energy efficiency
and environmental performance during technological change [6,24]. These functions are
particularly relevant in energy-intensive sectors, where small efficiency improvements
can translate into sizable emissions reductions [6].

Yet the environmental impact of digitalization is ambiguous. Efficiency gains can
trigger rebound effects when lower costs stimulate output or consumption [12-14], and
the digital economy itself consumes energy through data centers, networks, and device
production [11]. The net effect depends on the balance between efficiency gains, scale ex-
pansion, and the carbon intensity of the energy system.

Empirical evidence therefore remains mixed [18-23]. Many China-focused studies
report positive associations between digital development and green performance, while
others emphasize trade-offs and rebound forces or find heterogeneous effects across re-
gions and industries [12-14,18-23]. This mix highlights the value of firm-level analysis
that separates disclosure-based transition dynamics from operational emissions out-
comes. Firm-level evidence also indicates that digital orientation can improve environ-
mental performance during technological change [24].

Digital economy development also generates local spillovers because firms benefit
from shared infrastructure, talent pools, and supplier networks [4]. Local digital condi-
tions can therefore influence behavior even when firm-specific adoption is limited. By
lowering search, tracking, and verification costs, local digital services can reshape inter-
firm coordination, and recent work documents spatial spillover effects of digital economy
development on carbon emissions [23].

Beyond geographic spillovers, digital platforms can reconfigure supply-chain coor-
dination and governance by enabling shared data interfaces and common standards [2-
4]. Such interfaces can reduce information asymmetry and coordination frictions and can
transmit environmental expectations and reporting norms across connected firms [2—4].
Accordingly, local digital ecosystems may influence environmental behavior even among
firms that are not digital leaders, implying that digital economy development can diffuse
low-carbon practices through supply chains and industrial clusters [2—4].

China is a useful laboratory because digital infrastructure and policy support ex-
panded rapidly, yet local digital governance, data capacity, and energy structure remain
uneven. This regional heterogeneity enables firm-level tests of whether local digital econ-
omy development translates into stronger transition outcomes beyond what aggregate
studies can show [18-23].

2.2. Capability and Governance Channels

Firm digital transformation refers to the adoption of digital technologies and the re-
design of routines so that data inform decisions [1]. From a dynamic-capabilities perspec-
tive, digital transformation enhances sensing, seizing, and reconfiguring by providing
real-time information and flexible coordination [25]. Such capability building can support
operational efficiency and facilitate the integration of environmental metrics into decision-
making, consistent with natural-resource-based arguments about capability-driven
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environmental performance [26] and with evidence linking digitalization and digital ori-
entation to energy efficiency and environmental performance [6,24].

Digital transformation can create intangible assets such as data architecture, analyt-
ics, and digital governance routines [1-3]. From a natural-resource-based view, such or-
ganizational capabilities can be valuable for environmental management and low-carbon
process innovation [26]. They can also increase internal transparency, allowing managers
to identify emissions hotspots and prioritize abatement investments [24,26].

Digital transformation is costly and path dependent. It requires investments in data
infrastructure, systems integration, and human capital. Firms in regions with stronger
digital economies face lower adoption costs and better access to complementary digital
services, which should increase the likelihood of transformation. This implies a capability
channel from local digital development to green transition [1,2,4,25].

However, the link between digital transformation and environmental performance is
not automatic. When digital tools are used mainly for marketing or customer analytics,
environmental co-benefits may be limited; moreover, efficiency improvements can be
partly offset by scale expansion and rebound effects [12-14]. Environmental gains are
more likely when transformation is embedded in production and energy management,
motivating tests that connect digital transformation to GT/GTS and examine how the local
digital economy shapes capability building [24].

While firm-level studies link digital transformation to innovation and environmental
management, few explicitly connect local digital economy development to firm transfor-
mation and then to green transition. Prior work tends to focus either on regional digitali-
zation and emissions outcomes [18-23] or on firm digital transformation as a strategic ca-
pability [1-3,25,26], leaving the cross-level mechanism under-tested. We therefore hy-
pothesize that digital economy development increases digital transformation, which in
turn improves green transition outcomes.

ESG disclosure and governance provide a second channel. ESG reporting reduces
information asymmetry and strengthens accountability for environmental commitments
[27-30]. High-quality disclosure is often associated with better environmental manage-
ment and stronger stakeholder oversight [27-30]. Digital systems can facilitate this pro-
cess by enabling integrated data collection, automated reporting, and verification, thereby
reducing the marginal cost of transparent disclosure [1-3,27-30].

ESG disclosure also functions as an internal management tool. Standardized metrics
and regular reporting embed environmental objectives into budgeting and performance
evaluation, which is particularly salient for listed firms facing growing investor and reg-
ulatory pressure [27-30].

The digital economy can thus advance green transition by lowering the cost of ESG
disclosure and improving the transparency of environmental information. Firms in digi-
tally advanced regions can standardize data, accelerate reporting cycles, and respond to
regulatory and investor expectations, potentially translating digital development into
higher ESG scores and more substantive transition actions [1-3,27-30].

This channel is particularly relevant in China, where disclosure standards are evolv-
ing and digital reporting platforms are becoming more common. We hypothesize that
digital economy development improves ESG disclosure quality and that ESG disclosure
contributes positively to green transition [27-30].

ESG disclosure also interacts with capital markets and stakeholder monitoring. In-
vestors increasingly rely on ESG scores and disclosure quality in capital allocation deci-
sions, which means that improvements in reporting can affect financing conditions and
reputational pressure. The disclosure literature suggests that transparency can strengthen
managerial accountability and reduce information asymmetry [27-30]. When digital tools
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reduce the cost of data collection and verification, these capital-market and stakeholder
channels can become more powerful, reinforcing transition incentives.

Capability building is also path dependent. Firms accumulate digital assets and rou-
tines over time, and early movers can compound advantages through data governance,
analytics, and process redesign [24-26]. This implies that local digital economy develop-
ment may widen gaps between firms with strong transformation capability and those
without, even within the same industry. Such path dependence motivates the capability
and governance mediators in our empirical strategy.

2.3. Carbon Intensity, Rebound Effects, and Indicator Implications

Carbon intensity captures emissions per unit of activity and reflects physical decar-
bonization. Digital technologies can lower carbon intensity through process optimization,
smart energy management, and logistics improvements. Yet rebound effects, energy-price
dynamics, and the energy use of digital infrastructure can offset these gains [11-14,31].
Carbon intensity is also sensitive to energy mix, grid changes, and industry shocks beyond
firm control.

Carbon intensity also depends on capital turnover and technology replacement,
which are slow in heavy industries. As a result, digital economy effects on EI may be
smaller or slower than effects on disclosure-based transition indices, and EI results may
be more sensitive to year effects that capture macro energy conditions and energy-price
dynamics [31].

These considerations suggest that the digital economy-carbon intensity link is likely
weaker and less robust than the link to GT and GTS. We therefore expect a negative effect
on carbon intensity, but anticipate a smaller magnitude and greater sensitivity to time
effects [12-14,18-23].

Carbon intensity is also shaped by accounting boundaries and activity measures. Dif-
ferences in output denominators, scope coverage, and reporting conventions affect com-
parability across firms and years. For these reasons, we treat EI as a conservative, comple-
mentary outcome and interpret it alongside disclosure-based indicators; indicator-selec-
tion frameworks recommend combining outcome indicators with more sensitive pro-
cess/behavior indicators to balance feasibility and interpretability [8-10].

2.4. Research Gap, Conceptual Framework, and Hypotheses

Figure 1 summarizes this conceptual framework and the hypothesized pathways
from digital economy development to the indicator suite.

) (= ~ -
City-level digital economy Capability channel Low-carbon transition
(DE) | - Firm digital transformation (DT) - indicator suite
s . - . i
+ Digital infrastructure DatajSdanalytics « GT: transition level
« Digital finance « Process redesign cTS: - d
« Platforms & services . ' tran5|t.|on sgee
~ - « El: carbon intensity
>
J — ~ - ‘
* Governance channel
\ ESG disclosure & data governance
\ (ESG score)
\ « Standardization
\ « Assurance
\ « Transparency
\ _J
\
\
Institutional Macro energy conditions
complements & rebound effects
¢ Environmental regulation (ER) ¢ Energy mix & macro shocks
¢ Green finance ¢ Scale expansion (rebound)

« Data-center energy use

Figure 1. Conceptual framework linking city digital economy development to the low-carbon indi-

cator suite and mediating capabilities.
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Taken together, the literature points to a layered set of expectations. Digital economy
development should be linked more strongly to disclosure-based indicators (GT and GTS)
that capture governance and strategic commitment, while carbon intensity should re-
spond more slowly and be more sensitive to macro conditions. These expectations guide
the hypotheses below and the interpretation of the empirical results [12-14,18-24,27-30].

Based on the above, we propose the following hypotheses.

H1: Local digital economy development increases firm green transition level (GT) (expected sign:
+).

H2: Local digital economy development increases firm green transition speed (GTS) (expected sign:
+).

H3: Local digital economy development reduces firm carbon intensity (EI) (expected sign: —), but
the effect is expected to be weaker and more sensitive to macro shocks and rebound forces than the
effects on disclosure-based indicators.

H4: Local digital economy development improves (a) firm digital transformation (DT) and (b) ESG
disclosure quality (expected signs: + for both).

H5: DT and ESG disclosure partially mediate the relationship between digital economy develop-
ment and firm green transition (GT), consistent with capability-building and governance-trans-
parency channels.

Although the literature recognizes links between digitalization and environmental
performance [18-24], it often treats local digital economy development and firm digital
transformation as interchangeable [1-3]. This overlooks the possibility that external digi-
tal infrastructure provides opportunities that translate into outcomes only when firms
build complementary capabilities. By separating the local digital economy index from
firm-level transformation, our framework aligns with theories that emphasize the interac-
tion between external conditions and internal capabilities [25,26].

The literature also provides limited evidence on the joint relationship between digital
economy development, disclosure-based transition indicators, and carbon intensity [18-
24,27-30]. Emissions-focused studies often lack detailed disclosure measures [18-23],
while disclosure-based studies rarely test operational outcomes such as carbon intensity
[27-30]. By combining GT, GTS, and EI, we address this gap and capture both strategic
and operational dimensions of transition.

Mechanisms are frequently assumed rather than tested [18-24]. We explicitly exam-
ine two channels that are central to contemporary governance: digital transformation ca-
pability and ESG disclosure [1-3,27-30]. These channels are prominent in theory and pol-
icy, yet firm-level evidence remains limited; our hypotheses integrate digital economy de-
velopment, capability building, and disclosure governance into a testable framework.

The conceptual framework highlights multiple pathways. A strong digital economy
can reduce information frictions and enable data sharing, lowering the cost of monitoring
and compliance [2—4]. It can also facilitate adoption of digital transformation tools that
improve internal efficiency and support green innovation [1-3,6,25,26]. Finally, digital re-
porting platforms reduce the cost of ESG disclosure, increasing transparency and external
pressure for performance [27-30].

These pathways imply both direct and indirect effects. Direct effects operate through
improved access to digital services and information, even without deep internal transfor-
mation. Indirect effects operate through capability building and disclosure governance.
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The relative strength of these pathways likely depends on firm resources, management
priorities, and regulatory context, which motivates the inclusion of mediators [25,26,30].

Digital finance is a further potential channel because it captures the digitization of
financial services —an element included in many composite digital economy indices used
in prior studies [18-23]. In principle, this component may operate through financing-re-
lated mechanisms, but we do not separately identify it in the baseline models.

Measurement choices also shape interpretation. Text-based indices for green transi-
tion and digital transformation capture disclosure intensity rather than physical outputs
[32]. This implies that digital development may first influence how firms communicate
and manage environmental issues, with physical outcomes following later. Including car-
bon intensity provides a complementary check but remains sensitive to macro trends and
data availability [8-10].

The literature implies that empirical work should distinguish local digital economy
conditions from firm-specific transformation choices [4,18-24]. Our use of a local digital
economy index with firm fixed effects separates external variation from time-invariant
firm traits and addresses a key challenge in digital economy research.

Another implication is timing. Digital economy development does not translate into
firm behavior instantly; adoption and integration take time [1,25]. By lagging the digital
economy index, we capture this temporal sequence and reduce reverse-causality con-
cerns.

Finally, multiple outcomes are required to capture the complexity of low-carbon tran-
sition [8-10]. Disclosure-based indices reflect strategic orientation and communication,
while carbon intensity reflects operational outcomes. Combining these measures yields a
more balanced assessment of how digitalization affects reporting behavior and emissions
efficiency.

Existing empirical studies typically report a positive association between digitaliza-
tion and green development indicators at the regional level, but effect sizes vary by region
and period [18-23]. Heterogeneity likely reflects differences in energy structure, industrial
composition, and governance capacity, reinforcing the need for firm-level analysis that
controls for fixed differences and focuses on within-firm changes.

Firm-level evidence on digital transformation and environmental performance is also
mixed [24]. Some studies find that digital adoption enhances green innovation and effi-
ciency, while others report limited or delayed effects. Differences in measurement, sample
period, and outcome definitions contribute to this variation; text-based indices provide
broad coverage but introduce measurement noise that can attenuate effects [32].

Overall, the literature indicates that digital economy impacts depend on complemen-
tary capabilities and governance [1-3,25-30]. Our empirical strategy tests these conditions
by examining mediation through digital transformation and ESG disclosure and by com-
paring disclosure-based outcomes with carbon intensity.

Indicator validity is therefore central. Text-based measures can capture managerial
attention and the institutionalization of environmental routines, but they require trans-
parent dictionaries, stable preprocessing, and normalization [32]. Combining text-based
indicators with an outcome measure such as EI helps guard against purely symbolic dis-
closure and provides a richer basis for policy interpretation [8-10].

Beyond measurement, structural change is a plausible pathway [2—4,18,33,34]. Digital
platforms can facilitate servitization, enable remote monitoring and maintenance, and
support product-service systems that reduce material throughput. They can also improve
matching in input markets, which may reduce resource misallocation and shift production
toward less carbon-intensive activities. These structural effects are gradual and may not
register immediately in EI, but they can shape longer-term trajectories that eventually
show up in operational emissions outcomes.
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Remaining gaps include the need for more granular measures of digital adoption and
for causal identification based on exogenous digital infrastructure shocks. These limita-
tions motivate ongoing data collection and methodological innovation, and they provide
a roadmap for future research to build on the evidence presented here [1,4].

Future research should explore how digital economy development interacts with en-
vironmental regulation and energy market reforms. The sequencing of digital infrastruc-
ture expansion and policy tightening may shape the magnitude of environmental out-
comes. Studies that exploit policy discontinuities or phased infrastructure rollout could
provide more credible causal evidence and shed light on heterogeneous effects across re-
gions and industries [15-23,35].

Another priority is integrating micro-level digital adoption data with emissions in-
formation. Such data would allow researchers to disentangle the effects of digital capabil-
ity from local digital environment factors and to test whether specific digital technologies,
such as industrial internet platforms or Al-based energy management systems, yield
stronger emissions reductions than general digitalization. These advances would deepen
understanding of the mechanisms emphasized in this paper [1,5,6].

A final agenda item concerns cross-border supply chains. Digital platforms increas-
ingly connect firms across regions and countries, which means that digital economy ef-
fects may spill over beyond local boundaries. Studying these spillovers would clarify how
local digital development influences global emissions and how firms can leverage digital
tools to coordinate low-carbon supply chains [2—4,33,34].

Future work should also evaluate how measurement choices shape conclusions.
Comparing dictionary-based indices with machine-learning-based measures or with di-
rect emissions data can improve validity and clarify which dimensions of green transition
are most sensitive to digital economy development. This is especially important for policy,
where decisions rely on robust and interpretable evidence [9,10,32,36].

3. Data and Variable Construction
3.1. Sample and Data Sources

We use the compiled firm-year dataset covering Chinese listed firms. It integrates
green transition indices, digital economy measures, carbon intensity, ESG scores, and
standard financial controls. After lagging core regressors by one year and excluding ob-
servations with missing baseline variables, the main regressions include 35,504 to 35,853
firm-year observations. Carbon-intensity models use a smaller sample of 23,881 observa-
tions because El is available for fewer firms.

The sample spans 2008-2022, covering rapid digital infrastructure expansion and
tighter climate policy while providing sufficient time variation for fixed-effects estimation.
All continuous variables are winsorized at the 1st and 99th percentiles to limit the influ-
ence of outliers.

To reduce simultaneity concerns, core explanatory variables are lagged by one year
and models are estimated on the resulting panels for each outcome. Sample sizes differ
across GT, GTS, and EI because of data availability and the lag structure. We report sam-
ple sizes in each table and keep the lag structure consistent across robustness checks to
maintain comparability.

Missingness is not random across outcomes: emissions data are more common
among larger and more energy-intensive firms, whereas GT and GTS are available for a
broader set of listed companies. We therefore interpret EI estimates as conservative and
report them as a complement to disclosure-based measures. Consistent patterns across
GT/GTS and robustness to alternative indices mitigate, but do not eliminate, concerns
about sample selection.
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We also inspected the distribution of key indices across years and industries to en-
sure that no single year or sector dominates variation. The standardized digital economy
index retains meaningful dispersion throughout the sample window, supporting the use
of lagged fixed effects rather than a small set of shock years. While these checks do not
replace formal causal identification, they reduce the likelihood that results are driven by
a narrow subset of observations.

The dataset combines firm-level financial records with text-based indices derived
from annual and CSR reports, and it links local digital economy indices to firm outcomes
by location. The panel spans a wide range of industries and regions, enabling firm fixed
effects to control for unobserved heterogeneity while exploiting within-firm variation
over time.

Firm locations are matched to city-level digital economy indices using registered
headquarters cities. This matching captures the external digital environment in which
firms operate, including local infrastructure, digital finance, and data-service availability.
Because the index varies at the city-level, it provides within-industry and within-firm var-
iation over time that can be leveraged once fixed effects are included.

3.2. Digital Economy Index

The key explanatory variable is the local digital economy index, EDI total (EDI). It
draws on official statistics covering digital infrastructure, digital finance, and digital in-
dustry development. We standardize the index within the sample and lag it by one year
to mitigate simultaneity. Robustness checks use alternative index variants (DE1 and DE2),
also standardized.

Formally, for city c¢ in year t, the composite index can be written as EDI,, =
{sum};wjcdotz., ;, where z.,; denotes standardized sub-indicators (e.g., infrastructure,
digital finance, and digital-industry/service development) and w; are entropy-based
weights. We winsorize the city index (1st/99th percentiles) and then standardize it to mean
0 and standard deviation 1; the lagged standardized value enters the firm-level regres-
sions.

EDI captures the local digital environment rather than firm-specific adoption. This
distinction matters because local digital conditions shape access to services, data infra-
structure, and digital finance. By using lagged values, we focus on how pre-existing digi-
tal environments influence subsequent firm behavior.

3.3. Green Transition Level and Speed

Green transition level (GT) captures the intensity of low-carbon transition disclosure
in firm reports, while green transition speed (GTS) captures the year-on-year momentum
of that transition discourse. Conceptually, GT reflects how strongly a firm emphasizes
transition-related actions and commitments in a given year, whereas GTS reflects whether
that emphasis is accelerating or decelerating over time. Because strategic commitments
and disclosure capacity can adjust faster than operational energy use, GT/GTS may in-
crease even when short-run carbon-intensity outcomes remain unchanged.

Construction and formulas. Let Words;, denote the total number of tokens in firm
i’s report in year t, and let KW5" denote the matched keyword count from the green-
transition dictionary. We construct GT;; = fracK Wif;tT Words; . Transition speed is meas-
ured as the year-on-year growth rate of the underlying transition text index (gt): GTS;, =
fracgt; gt;;—1, — 1. We winsorize GT and GTS at the 1st/99th percentiles. In robustness
checks we use an alternative transition proxy (GTRSP). Table Al summarizes definitions,
units/scale, and expected behaviors for the indicator suite.

Text processing follows a transparent, dictionary-based pipeline to preserve inter-
pretability and replicability. Documents are cleaned and standardized, keywords are
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matched using curated dictionaries for green transition and digital transformation, and
indices are normalized by document length or log-scaled as appropriate. Detailed prepro-
cessing steps, dictionary lists, and scripts are provided in the replication package and de-
scribed in Appendix A.2 [32].

3.4. Carbon Intensity

Carbon intensity (EI) is measured as firm-level COz emissions intensity per unit of
activity. In the dataset, El is constructed as CO:z emissions scaled by an activity proxy (e.g.,
operating revenue), so that lower values indicate stronger operational decarbonization.
El; . = fracCO,;  Activity;,. El is available for only a subset of firms, so analyses use a
reduced sample. We estimate EI regressions with firm fixed effects and also report two-
way fixed effects and sensitivity checks (Appendix A Table A4).

Because El is a physical outcome tied to energy use and output, it likely responds
more slowly to digitalization than disclosure-based indices. We therefore interpret El as a
complementary but more conservative indicator of operational decarbonization.

3.5. Digital Transformation and ESG Disclosure

Digital transformation (DT) is measured using a report-based text index that captures
firms’ digitalization-related disclosure intensity. Following common practice in listed-
firm studies, we construct DT as DT;, = In(1 + KWS"), where KW}}" is the matched
count of digital-transformation keywords in firm reports (Appendix A.2). ESG disclosure
is measured by ESG score, which aggregates environmental, social, and governance infor-
mation from firm reporting and third-party assessments. Both DT and ESG score serve as
mediators to test whether the digital economy affects green transition through capability
building and transparency.

3.6. Control Variables and Data Treatment

The control set follows the replication package and includes standard firm financial
indicators (size, leverage, profitability, liquidity, growth, and governance attributes),
along with industry or ownership characteristics where available. Controls are lagged
where appropriate to reduce simultaneity. Detailed definitions and sources appear in Ap-
pendix A and the replication package (Supplementary Materials).

Baseline models include firm and year fixed effects to account for time-invariant firm
traits and common macro shocks. Continuous variables are winsorized, and the digital
economy index is standardized to ease interpretation of coefficients.

3.7. Descriptive Statistics and Initial Patterns

Table 1 summarizes descriptive statistics. Mean GT is 0.1098 (SD 0.0513), indicating
substantial variation in transition intensity across firms. GTS is more dispersed (SD
0.2449), reflecting heterogeneity in transition speed. The standardized digital economy
index has mean near zero and SD near one, consistent with normalization. DT and ESG
scores also show meaningful variation.

Table 1. Descriptive Statistics.

Variable N Mean SD P25 Median P75 Min Max

GT 40,913 0.1098 0.0513 0.0737 0.1034 0.1382 0.0166 0.278
GTS 37,054 0.0664 0.2449 -0.1047 0.0523 0.2247 -0.5426 0.6567
GTRSP 37,054 0.1023 0.8231 -0.3607 0.1662 0.6477 —-2.6848 1.7837
EI 27,328 0.0101 0.0048 0.0074 0.0092 0.0114 0.0032 0.0358
DE (std.) 40,913 -0.0033 0.9889 -0.8049 -0.3719 0.4942 -0.9493 3.0925
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DT
ESG score
Size
Leverage
ROA
Growth

40,913
37,922
40,913
40,913
40,913
40,781

1.0957 1.0511 0.0 1.0986 1.9459 0.0 3.7842
73.2712 5.006 70.33 73.5165 76.66 57.8384 84.0479
9.6116 0.5627 9.2039 9.5253 9.9283 8.611 11.3724
0.4168 0.2058 0.2502 0.4095 0.5718 0.0503 0.88
0.0386 0.0607 0.0145 0.0389 0.0691 -0.233 0.1969

0.354 0.9575 -0.0397 0.1215 0.3987 -0.7057 6.7179

Notes: Continuous variables are winsorized at the 1st/99th percentiles. DE is standardized.

Figure Al shows upward trends in the digital economy and green transition indices,
while Figure A2 highlights the distributional spread in DE and GT. The upward GT trend
suggests increasing disclosure and strategic emphasis, yet dispersion indicates that firm-
specific factors remain important. These patterns motivate the regression analysis that fol-
lows.

The EI subsample is smaller and likely more concentrated in heavy industries, which
may reduce precision. We interpret EI results cautiously and emphasize that they com-
plement, rather than replace, disclosure-based transition measures. Future data expansion
could improve the representativeness of emissions outcomes.

We assess whether any single year or industry dominates variation in key indices.
The standardized distribution of DE and winsorization of continuous variables help en-
sure results are not driven by extremes, providing a stable basis for fixed-effects regres-
sions.

Text-based indices are subject to measurement error and may capture disclosure em-
phasis rather than physical action. To mitigate this, we standardize indices within the
sample and rely on multiple outcomes. The replication package (Supplementary Materi-
als) documents dictionaries and processing steps to support transparency and replication.

ESG score and DT coverage varies slightly across firms and years, explaining minor
sample-size differences across models. We report sample sizes in each table and interpret
mediation results with this coverage in mind. Future research with more comprehensive
ESG and emissions data would improve comparability across outcomes.

4. Methodology
4.1. Baseline Fixed Effects Specification

Yie=a+PBDE; ;1 +vXii—1 +u; + A + {varepsilon};,

where Y;; denotes GT, GTS, or EI; DE;,_, is the lagged digital economy index; X;,_, is
the control vector; and p; and 4, denote firm and year fixed effects. Standard errors are
clustered at the firm-level.

Lag structure and fixed effects. We lag the digital economy index by one year to mit-
igate contemporaneous simultaneity and to reflect adjustment lags in capability building,
reporting systems, and investment planning. Firm fixed effects absorb time-invariant het-
erogeneity (e.g., business model, baseline technology), while year fixed effects absorb
common macro shocks (e.g., energy prices, national policy cycles) that are particularly
important for emissions-related outcomes. In Table A3, we show that the positive associ-
ation between DE and GT remains when using a two-year lag and when controlling for
lagged outcomes in a dynamic specification; for carbon intensity, Table A4 reports sensi-
tivity tests with industry-year effects and alternative normalizations (In(EI)).

We estimate the baseline relationship between the digital economy and green transi-
tion using firm fixed effects with year dummies, consistent with the specification above.

The one-year lag of the digital economy index reduces contemporaneous reverse cau-
sality and reflects the time required for local infrastructure to influence firm behavior.
Firm fixed effects control for time-invariant heterogeneity (e.g., industry classification or
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corporate culture), while year fixed effects absorb macro shocks and national policies.
Standard errors are clustered at the firm-level to account for serial correlation.

Because DE is standardized, coefficients can be interpreted as the change in the out-
come associated with a one standard deviation increase in the digital economy index. This
improves comparability across models and aids interpretation of economic significance
relative to variation in GT, GTS, and EI.

We interpret coefficients as associations between changes in local digital economy
conditions and within-firm changes in outcomes. Standardization makes magnitudes
comparable across GT, GTS, and EI, which helps distinguish strategic disclosure re-
sponses from operational emissions responses. Full coefficient tables are reported to facil-
itate replication and sensitivity checks.

4.2. Mechanism Tests

To test mechanisms, we regress digital transformation (DT) and ESG disclosure on
the digital economy index using the same fixed effects and controls. A significant relation-
ship indicates that local digital economy development shapes firm capabilities and gov-
ernance. We then include DT or ESG in green-transition regressions to evaluate attenua-
tion of the digital economy effect.

4.3. Mediation Framework

We implement a stepwise (Baron-Kenny style) mediation decomposition with fixed
effects: (i) estimate DE — Mediator (DT or ESG score); (ii) estimate DE — GT; and (iii)
estimate DE — GT controlling for the mediator. If DE significantly predicts the mediator
and the mediator is positively associated with GT while the DE coefficient attenuates (but
remains significant), the pattern is consistent with partial mediation. Because mediators
are observational and potentially endogenous, we interpret mediation evidence as de-
scriptive channel diagnostics rather than causal decomposition.

To improve transparency, Tables 2-5 report each step explicitly: Table 2 presents
baseline DE effects on GT and GTS; Table 3 reports baseline DE effects on EI; Table 4 pre-
sents the DE effects on DT and ESG disclosure, and Table 5 reports GT regressions includ-
ing each mediator. The comparison across columns indicates the extent to which capabil-
ity building (DT) and governance transparency (ESG disclosure) account for the DE-GT
association.

Table 2. Baseline Results: Digital Economy and Green Transition.

Variable 1) (2) 3) 4)
GT GT +DT GTS GTS + DT
DE (t-1) 0.0044 *** 0.0032 *** 0.0039 * 0.0021
(0.0004) (0.0004) (0.0023) (0.0024)
0.0052 *** 0.0078 ***
DT (t-1) (0.0003) (0.0020)
Controls Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
N 35,853 35,853 35,504 35,504
R2 within 0.044 0.033 0.010 0.010

Notes: Dependent variables are GT and GTS. Firm and year fixed effects included. Standard errors
clustered at firm-level. DE and controls are lagged by one year. * p <0.10, *** p < 0.01.
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Table 3. Baseline Results: Digital Economy and Carbon Intensity.

Variable ) 2)
EI (Firm FE) EI (Two-Way FE)
0.0001 *** 0.0000
DE(-1) (0.0000) (0.0001)
Controls Yes Yes
Firm FE Yes Yes
Year FE No Yes
N 23,881 23,881
R2 within 0.010 0.005

Notes: Dependent variable is EI (COz intensity). Column (1) includes firm fixed effects only; column

(2) adds year fixed effects. Standard errors clustered at firm-level. DE and controls are lagged by
one year. *** p <0.01.

Table 4. Mechanism tests: DE effects on DT and ESG disclosure.

Variable () @
Digital Transformation (DT) ESG Disclosure
0.1431 *** 0.9790 ***
DE(t-1) (0.0105) (0.0565)
Controls Yes Yes
Firm FE Yes Yes
Year FE Yes Yes
N 35,853 34,930
R2 within 0.094 0.063

Notes: Dependent variables are DT and ESG score. Firm and year fixed effects included. Standard
errors clustered at firm-level. DE and controls are lagged by one year. *** p <0.01.

Table 5. Mediation Analysis.

1) 2
Variabl
i GT +DT GT +ESG
0.0032 *** 0.0037 ***
DE (t-1
e (0.0004) (0.0004)
0.0052 ***
DT (t-1
-1 (0.0003)
bz
ESG score (t—1) 0(8%(2;; )
Controls Yes Yes
Firm FE Yes Yes
Year FE Yes Yes
N 35,853 33184
R2 within 0.033 0.038

Notes: Dependent variable is GT. Each column adds a mediator (DT or ESG score). Firm and year

fixed effects included. Standard errors clustered at firm-level. DE and controls are lagged by one
year. ** p <0.01.
4.4. Heterogeneity and Complementary Capabilities

We discuss heterogeneity as a conceptual extension: digital economy effects may de-
pend on regulatory pressure or green-finance depth. Consistent moderator series are not
available for all firm-years, so interaction models are not estimated in the main analysis.
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We interpret mediation results through a complementary-capabilities lens. Digital
transformation and ESG disclosure are likely complements rather than substitutes, imply-
ing stronger effects when both are present. While we do not estimate formal DT-ESG in-
teractions, mediation results and marginal effect plots provide suggestive evidence of
complementarity.

4.5. Robustness Strategy

Robustness checks use alternative digital economy indices (DE1 and DE2), an alter-
native transition proxy (GTRSP), and alternative specifications for GTS. These checks ver-
ify that results are not driven by a particular index or outcome definition. We also confirm
that 2008-2022 is the longest window with consistent digital economy and text-based
measures in the dataset.

The robustness strategy is designed to test sensitivity to measurement choices rather
than to impose additional structure. Alternative indices and outcomes are drawn from the
same data sources to avoid introducing new measurement noise, and all specifications
retain the same fixed-effects structure for comparability.

4.6. Identification Considerations

Endogeneity concerns include reverse causality (firms’ transition strategies may in-
fluence local digital services), correlated time-varying factors (e.g., regional green policy
intensity), and measurement error in text-based indices. The one-year lag structure and
two-way fixed effects mitigate simultaneity and common shocks but cannot fully elimi-
nate omitted-variable bias.

To strengthen credibility, we provide additional sensitivity analyses. Table A3 re-
ports timing and dynamic specifications: (i) a two-year lag of DE, which reduces contem-
poraneous feedback, and (ii) a dynamic model that controls for the lagged dependent var-
iable to account for persistence in transition disclosure. The DE-GT association remains
positive and statistically significant across these specifications, supporting the interpreta-
tion that digital development precedes strategic transition disclosure changes. For emis-
sions intensity, Table A4 shows that results are robust to absorbing sector-specific macro
shocks with industry-year effects and to using In(EI) as an alternative normalization; EI
estimates remain small and sensitive, consistent with stronger macro constraints and po-
tential rebound forces.

Because the digital economy index varies at the city level, inference can be sensitive
to the clustering level. We therefore report robustness checks with alternative standard-
error clustering at the firm level, at the city level, and with two-way clustering by firm
and city. In addition, we control for report length (In words) in the GT and DT regressions
to ensure that results are not mechanically driven by changes in disclosure volume. Table
Ab shows that the main conclusions for GT and the mechanism variables remain stable
under these inference and specification variants.

Overall, we interpret the evidence as robust within-firm associations consistent with
the proposed capability and governance channels. Stronger causal identification (e.g., pol-
icy shocks or valid instruments for digital infrastructure) remains a valuable direction for
future research and can be pursued as additional data become available.

5. Empirical Results

To maintain a clear empirical logic, we first document descriptive patterns and sim-
ple correlations (Section 5.1), then establish baseline fixed-effects associations for the indi-
cator suite (Section 5.2), and finally examine mechanisms and robustness/sensitivity anal-
yses (Sections 5.3-5.4).
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5.1. Descriptive Patterns

Table 1 reports summary statistics for the main variables. GT shows meaningful
cross-firm dispersion, while GTS is more volatile, consistent with episodic changes in tran-
sition discourse. The standardized digital economy index also exhibits substantial varia-
tion, supporting within-firm estimation with lagged regressors.

Appendix A Figures A1-A3 provide additional descriptive evidence. Figure Al in-
dicates upward trends in DE and GT over time, whereas GTS and EI fluctuate more
strongly. Figure A2 highlights the right-skewed distributions of DE and GT after stand-
ardization, and Figure A3 shows a positive bivariate association between lagged DE and
GT. These patterns motivate the baseline fixed-effects models and contextualize the later
mechanism and robustness analyses.

5.2. Baseline Effects on Green Transition Level and Speed

Table 2 reports baseline fixed-effects results. Column (1) shows that the lagged stand-
ardized digital economy index is positive and highly significant for GT (0.0044, SE 0.0004).
A one standard deviation increase in local digital economy development corresponds to
a 0.0044 increase in GT. Column (3) shows a positive, marginally significant association
for GTS (0.0039, SE 0.0023), indicating faster transition in more digitalized regions.

Model fit and interpretation. The within R-squared values are modest, which is com-
mon in firm fixed-effects models when outcomes are noisy and variation is largely within-
firm over time (especially for text-based indices and change measures like GTS). We there-
fore emphasize coefficient stability across specifications, clustered inference, and robust-
ness checks (Tables 6, 7, A3 and A4) rather than raw goodness-of-fit.

Table 6. Robustness and Alternative Measures.

Variable 1) (2) 3) @)
GT, DE1 GT, DE2 GTRSP (alt GT) GTS, DE1
0.0181 **
DE (t-1
(t=1) (0.0081)
0.0044 *** 0.0039 *
DE1 (t—-1
( ) (0.0004) (0.0023)
0.0044 ***
DE2 (t-1
(t=1) (0.0004)
Controls Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
N 35,853 35,853 35,504 35,504
R2 within 0.044 0.044 0.019 0.010

Notes: Alternative digital economy indices (DE1, DE2) and alternative transition proxy (GTRSP).
Firm and year fixed effects included. Standard errors clustered at firm-level. DE and controls are
lagged by one year. * p <0.10, ** p <0.05, ** p < 0.01.

Table 7. Alternative carbon-intensity outcomes (CO: intensity reduction speed and level).

@ 2 3 @
Variable EI Reduction Speed EI Reduction Speed EI Reduction Level EI Reduction Level

(Firm FE) (Two-Way FE) (Firm FE) (Two-Way FE)
DE (t-1) -0.0056 0.0010 -0.0001 * 0.0000
(0.0048) (0.0056) (0.0000) (0.0001)
Controls Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes
Year FE No Yes No Yes
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N 23,833 23,833 23,881 23,881
R? within 0.090 0.089 0.106 0.106

Notes: Firm and year fixed effects as indicated. Standard errors clustered at firm-level. DE and con-

trols are lagged by one year. * p <0.10.

Table 3 reports El regressions. In a firm fixed-effects specification without year dum-
mies, the DE coefficient is positive and significant, whereas the two-way fixed effects es-
timate is close to zero and insignificant. This sensitivity indicates that short-run emissions-
intensity dynamics are strongly influenced by common macro shocks absorbed by year
effects. It may also reflect measurement noise and sample selection: EI coverage is concen-
trated among larger and more energy-intensive firms, and activity denominators differ
across sectors. To investigate these concerns, Table 7 reports alternative carbon-intensity
outcomes and Table A4 adds industry-year effects and a log normalization; EI estimates
remain small and sensitive. Overall, the evidence suggests that digital development accel-
erates strategic transition and disclosure capacity more robustly than it reduces opera-
tional emissions intensity over the sample window.

Figure A3 shows a positive association between lagged DE and GT. Figure 2 summa-
rizes baseline DE coefficients across GT, GTS, and EI, showing robust effects for GT,
smaller positive effects for GTS, and small, time-sensitive effects for EI. These visual pat-
terns complement the regressions and reinforce the interpretation that the digital econ-
omy primarily affects strategic transition indicators rather than immediate emissions in-

tensity.
Baseline DE Effects (95% ClI)
DE - GTS . O |
DE -» GT ——
DE - El l?l

0.000 0.002 0.004 0.006 0.008

Figure 2. Baseline DE coefficients across GT, GTS, and carbon intensity (two-way fixed effects; 95%
QD).

When digital transformation is included in the GT regression, the DE coefficient re-
mains positive and significant (0.0032, SE 0.0004), while DT is also positive and significant
(0.0052, SE 0.0003). These estimates indicate partial mediation through firm digital trans-
formation. The baseline GTS specification remains positive without imposing a mediation
structure.

The GT coefficient is modest but economically meaningful. With a GT standard de-
viation of 0.0513, a 0.0044 increase equals about 8.6 percent of one standard deviation (and
0.0032 equals about 6.2 percent). Comparing firms in regions two standard deviations
above versus below the digital economy mean implies a GT gap of about 0.0176, roughly
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34 percent of the GT standard deviation. This indicates that regional digital economy gaps
can translate into sizable differences in transition intensity.

For GTS, the coefficient represents a smaller fraction of its standard deviation, con-
sistent with higher volatility and greater exposure to year-specific shocks. This suggests
that transition speed may respond to episodic policy changes or firm initiatives, while
transition level reflects more persistent strategic orientation.

The El sample is smaller, reducing precision, and the outcome is influenced by sector-
specific energy intensity. These features may explain the less stable EI estimates. The re-
sults nonetheless point to a plausible pathway: digitalization may contribute to emissions
efficiency, but the effect is contingent on broader energy conditions and may require more
time to materialize.

Overall, baseline results indicate that digital economy development is positively as-
sociated with green transition level and speed, with statistically significant and economi-
cally moderate effects. Carbon intensity effects are weak and specification-sensitive. These
patterns motivate deeper analysis of mechanisms and mediating channels.

The contrast between GT, GTS, and EI highlights the layered nature of low-carbon
transition. Disclosure-based measures respond more quickly to changes in the digital
economy environment, while carbon intensity responds more slowly and is influenced by
macro energy trends and rebound effects. This suggests digitalization can accelerate stra-
tegic transition and reporting even when physical abatement progresses gradually.

Modest within R2 values are typical for firm fixed-effects models with noisy text-
based outcomes and do not undermine the statistical significance of key coefficients. Con-
sistent signs and significance across specifications support the interpretation that the dig-
ital economy is positively associated with green transition, even if magnitudes are mod-
erate. The pattern aligns with gradual capability building rather than abrupt shifts.

Attenuation of the DE coefficient when DT is included provides further evidence of
a capability channel. It indicates that part of the digital economy effect operates through
firm-level digital transformation, aligning with the mechanism and mediation results.
This pattern suggests that external digital conditions translate into transition outcomes
primarily through internal capability building.

The GT coefficient corresponds to roughly 4 percent of mean GT, indicating that dig-
ital economy development contributes incrementally but meaningfully to transition in-
tensity. This magnitude is consistent with gradual, cumulative environmental change and
suggests that policies raising local digital development can yield measurable improve-
ments over time.

GTS appears more sensitive to firm capabilities than transition level, but we focus
mediation tests on GT because GTS is a short-run change measure and less stable for chan-
nel identification. This highlights the importance of capability building for accelerating
transition pace while preserving interpretability in the mediation framework.

With mean GTS at 0.0664, the baseline coefficient of 0.0039 implies a modest but non-
trivial change in transition speed. This reinforces the view that the digital economy con-
tributes to incremental acceleration rather than dramatic shifts and that capability build-
ing is essential for sustained improvements.

5.3. Mechanisms and Mediation

Table 4 reports mechanism regressions. The coefficient of lagged DE on digital trans-
formation is 0.1431 (SE 0.0105), significant at the 1 percent level. With a DT standard de-
viation of about 1.05, a one standard deviation increase in DE raises DT by roughly 14
percent of a standard deviation. This sizeable association supports the capability channel:
a stronger digital economy environment is linked to higher firm digital transformation
intensity.
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DE - ESG

DE - DT

0.0

Figure 3 visualizes the mechanism coefficients for DT and ESG.

Mechanism Effects (95% ClI)

O+
0.2 0.4 0.6 0.8 1.0

Figure 3. Mechanism coefficients: DE effects on DT and ESG (two-way fixed effects; 95% CI).

Table 5 presents mediation regressions for GT. When DT is added, both DE and DT
remain significant and the DE coefficient declines from 0.0044 to 0.0032, a reduction of
about 27 percent that indicates partial mediation. When ESG score is included, DE remains
significant at 0.0037 and ESG score is positive and significant at 0.0004, indicating a second
mediation path through disclosure quality.

Digital transformation can support green transition by enabling real-time monitor-
ing, predictive maintenance, and data-driven optimization. These capabilities help firms
identify energy losses and implement targeted efficiency improvements. The strong asso-
ciation between DE and DT suggests that local digital infrastructure reduces the cost of
adopting such capabilities.

The same table shows that DE also significantly increases ESG disclosure. The esti-
mated coefficient is 0.9790 (SE 0.0565), significant at the 1 percent level. Relative to the
ESG standard deviation of about 5.01, this effect equals roughly 19.5 percent of one stand-
ard deviation. This indicates that digital economy development improves reporting qual-
ity and transparency, strengthening environmental governance.

Digital tools reduce the cost of collecting ESG data, automate reporting, and facilitate
third-party verification. These functions are especially valuable for listed firms facing
tighter disclosure requirements. The evidence indicates that digital economy develop-
ment improves these governance processes, reinforcing green transition commitments.

Together, these results show that the digital economy is strongly associated with both
capability building and disclosure practices. The magnitudes are larger than the direct GT
coefficients, consistent with a mediation structure in which the digital economy influences
green transition primarily through internal capabilities and governance rather than direct
operational change. The next section examines mediation explicitly.

These results suggest that the digital economy does not simply raise green transition
through external conditions; it influences firm behavior by enabling digital transformation
and improved ESG disclosure. The persistence of the DE coefficient implies that other
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DE2 - GT

DE1 -» GT

DE - GTRSP

channels may also contribute, such as access to digital finance, improved supply-chain
coordination, or data-driven innovation not fully captured by DT and ESG.

The mediation results highlight complementarity between digital transformation
and ESG disclosure. Digital systems provide the data backbone for credible reporting,
while disclosure standards create incentives to embed environmental metrics in digital
workflows. This implies that digital infrastructure investments should be paired with gov-
ernance and reporting standards to realize environmental benefits. Figure A4 illustrates
stronger marginal effects of DE on GT at higher ESG percentiles.

This perspective is consistent with a capability-based view in which firms need both
technical capacity and governance mechanisms to achieve strategic change. Digital trans-
formation without ESG governance may yield efficiency gains but limited transparency,
while ESG disclosure without digital systems may be costly and less reliable. The strong-
est transition outcomes are likely when both capabilities are present.

For managers, the findings imply that digital transformation should be integrated
with environmental management rather than treated as a stand-alone IT modernization
effort. Investments in sensors, analytics, and automation are most likely to translate into
green transition when linked to environmental KPIs, verification processes, and ESG re-
porting routines. Firms that align digital transformation with disclosure and accountabil-
ity are more likely to realize the benefits of local digital economy development.

5.4. Robustness and Additional Analyses

Table 6 confirms that baseline patterns are not driven by a specific digital economy
index or green transition definition. Using alternative indices (DE1 and DE2), GT coeffi-
cients remain positive and significant. The alternative transition proxy (GTRSP) also
yields a positive and significant DE coefficient, strengthening confidence in robustness.

Figure 4 summarizes robustness coefficients across alternative indices and outcomes.

Robustness Checks (95% ClI)

0.000 0.005 0.010 0.015 0.020 0.025 0.030 0.035

Figure 4. Robustness checks with alternative digital economy indices and outcome definitions (two-
way fixed effects; 95% CI).

Using GTRSP as an alternative outcome yields a DE coefficient of 0.0181 (SE 0.0081),
significant at the 5 percent level. This confirms that the positive effect extends to alterna-
tive transition proxy measures.

https://doi.org/10.3390/su18042144



Sustainability 2026, 18, 2144

20 of 30

We further examine alternative carbon-intensity outcomes based on CO: intensity
reduction speed and reduction level. DE coefficients are small and statistically insignifi-
cant once year effects are included, and weak negative effects in firm-fixed models do not
survive two-way fixed effects (Table 7). These results reinforce the view that carbon-in-
tensity indicators are sensitive to macro energy conditions and rebound forces.

We do not report heterogeneity interactions in the baseline tables because the dataset
lacks consistent coverage for candidate moderators. Conceptually, digital economy effects
may be stronger where environmental regulation is tighter or green-finance markets are
deeper, but testing these interactions requires local policy indicators outside the current
replication scope. We therefore treat heterogeneity analysis as a priority extension.

The analysis uses the 2008-2022 window, the longest period with consistent digital
economy and text-based indices in the dataset. Extending the sample would require up-
dated digital economy indices and additional text processing. Within this window, ro-
bustness results indicate that the positive relationship between digital economy develop-
ment and green transition is stable.

6. Discussion and Policy Implications

The findings indicate that local digital economy development operates as an enabling
environment for corporate low-carbon transition. The positive GT/GTS effects, together
with the mediation results, align with information-infrastructure perspectives and with
dynamic-capabilities arguments that emphasize the interaction between external oppor-
tunities and internal reconfiguration.

The contrast between disclosure-based indicators and carbon intensity is especially
important. GT and GTS respond to digital development, whereas EI becomes statistically
indistinguishable from zero once year effects are included. This pattern suggests that re-
porting and strategic transition signals adjust earlier, while operational emissions remain
dominated by energy mix, rebound effects, and capital turnover.

Mechanism estimates highlight the role of capability building and governance. Digi-
tal infrastructure alone is not sufficient; firms still need digital transformation and ESG
reporting systems that translate data availability into management routines. The results
therefore help explain why stronger effects tend to appear in digitally advanced regions.

For policy, the implication is integration rather than parallelism. Investments in dig-
ital infrastructure should be paired with environmental data standards, disclosure rules,
and verification protocols. This alignment strengthens the transparency channel and re-
duces greenwashing risks.

Implementation matters for these policy recommendations. Digital reporting systems
require interoperable data standards, secure data-sharing protocols, and audit trails that
allow regulators and investors to verify emissions claims. Without clear governance on
data quality and access, digitalization can raise reporting volume without improving
credibility. A practical implication is that ministries and exchanges can align ESG disclo-
sure templates with digital reporting standards to reduce compliance costs while improv-
ing comparability.

Innovation management is another lever. Digital transformation affects low-carbon
outcomes when it is embedded in operations, not when it sits in parallel IT projects. Firms
that integrate sustainability teams with data, operations, and finance functions are better
positioned to translate analytics into abatement actions. Incentive design also matters:
linking digital KPIs to environmental targets can turn data visibility into operational
change.

Regional policy design should recognize uneven capability. In less digitalized re-
gions, infrastructure investment alone may be insufficient; complementary measures such
as digital finance, training programs, and shared industrial platforms can help smaller
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firms adopt low-carbon practices. In energy-intensive clusters, targeted digital tools for
monitoring and process control can amplify the emissions benefits of digital upgrades.

These lessons are relevant beyond China. Many emerging economies are expanding
digital infrastructure while pursuing climate targets, yet they face similar constraints from
energy systems and institutional capacity. The results therefore speak to broader debates
on how digitalization can serve as carbon-management infrastructure rather than merely
a productivity tool.

Corporate governance implications are also notable. Digital transition projects often
sit with IT or operations, while ESG oversight may sit with finance or compliance. The
results suggest that coordination across these functions matters: without shared account-
ability, data visibility may not translate into operational change. Boards can support inte-
gration by assigning ownership for environmental data quality, linking executive incen-
tives to verified emissions metrics, and ensuring that digital investments align with tran-
sition strategy.

Another implication concerns ESG rating agencies and assurance providers. As dis-
closure quality becomes more central, differences in verification and scoring methodolo-
gies can shape how the market interprets reported progress. Digital reporting systems can
enable more frequent and granular data, but they also raise questions about comparability
and auditability. Encouraging third-party assurance and harmonized reporting standards
would improve the credibility of digital-enabled ESG disclosure.

Digital finance can broaden access to green investment, yet it can also create new
forms of exclusion when smaller firms lack the data footprint needed for algorithmic
credit screening. Policymakers may need to combine digital finance with capacity-build-
ing programs that help smaller firms produce credible ESG data and demonstrate energy-
efficiency improvements. This combination would reduce the risk that digitalization wid-
ens transition gaps across firm size or ownership.

Finally, data security and privacy considerations are not peripheral. Environmental
data systems often integrate operational, supply-chain, and financial information; weak
security can undermine trust and deter adoption. Robust cybersecurity standards and
clear data rights are therefore complements to the digital-ESG governance agenda.

Policy evaluation also benefits from the indicator suite. GT and GTS can serve as
early-warning signals of whether digital policies are translating into governance and dis-
closure improvements, while EI provides a later-stage check on operational efficiency. A
monitoring system that tracks all three dimensions can inform whether policy packages
are working as intended or whether they are producing only symbolic compliance.

A related risk is the substitution of visibility for substance. As reporting systems be-
come easier to operate, firms may be tempted to focus on narrative disclosure rather than
process change. The indicator suite mitigates this risk by anchoring disclosure to opera-
tional outcomes, but it cannot eliminate it on its own. Strong verification, credible assur-
ance, and alignment with energy-system reforms remain essential if digital reporting is to
translate into measurable emissions reductions rather than improved optics.

Another practical implication concerns sequencing between digital infrastructure
rollout and environmental regulation. Where carbon markets and enforcement are weak,
digital investments may mainly improve monitoring and disclosure without inducing
substantive abatement. When regulatory signals and energy pricing are stronger, the same
digital tools can accelerate investment in efficiency and cleaner processes. This suggests
that digital economy policy should be coordinated with regulatory and energy reforms,
including carbon pricing, grid decarbonization, and incentives for low-carbon capital
stock replacement. Coordination across agencies matters: digital ministries, environmen-
tal regulators, and energy authorities need shared data standards and aligned policy time-
lines so that data visibility translates into real operational change.
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Regional capability gaps also matter. Firms in less digitalized areas are unlikely to
benefit fully without targeted support such as digital finance, training, and shared plat-
forms. Sector-specific reporting templates and industrial internet tools can help energy-
intensive industries convert digital capacity into measurable abatement.

For managers, the results emphasize execution. Digital systems generate data, but
emissions reductions materialize only when environmental KPIs are embedded in digital
transformation roadmaps and linked to incentives. ESG disclosure can serve as a manage-
ment tool rather than a compliance formality.

Limitations remain. The green-transition and digital-transformation measures are
text-based and therefore capture disclosure intensity rather than direct physical action,
and carbon-intensity coverage is incomplete. Lagged fixed effects mitigate endogeneity
but do not fully resolve policy targeting or time-varying shocks, so causal claims should
be made cautiously.

Future work should exploit quasi-experimental variation in digital infrastructure
rollout, connect firm-level digital adoption to finer emissions data, and examine supply-
chain spillovers. With richer data, it will be possible to test whether digitalization reduces
emissions at the system level rather than primarily changing disclosure.

Data governance and interoperability are additional levers. Common definitions,
consistent formats, and secure sharing protocols can reduce reporting costs and improve
comparability across firms and regions.

Finally, the relevance extends beyond China. Many emerging economies are scaling
digital infrastructure while pursuing climate goals; the evidence here suggests that the
green benefits depend on capability building and disclosure governance, not digital in-
vestment alone.

7. Conclusions

Using a 2008-2022 panel of Chinese listed firms, this study shows that local digital
economy development is associated with higher green transition level and speed. The
digital economy also raises firm digital transformation and ESG disclosure, and both
channels partially mediate the transition effects.

Carbon intensity responds differently. Once year effects are included, the digital
economy coefficient is small and statistically insignificant, implying that short-run emis-
sions outcomes are shaped largely by macro energy conditions and potential rebound ef-
fects rather than local digital development.

Taken together, the results indicate that digitalization accelerates strategic and dis-
closure-based transition signals, but operational emissions improvements require com-
plementary governance and energy-system reforms. Policies that pair digital infrastruc-
ture with ESG standards, data transparency, and energy-management practices are there-
fore more likely to deliver measurable abatement.

The study contributes firm-level evidence and an indicator-based monitoring frame-
work that can be replicated in other settings. It also clarifies the distinction between dis-
closure-based transition metrics and emissions outcomes, which is critical for interpreting
digital-economy effects.

From a practical perspective, the indicator suite can help managers and regulators
track both strategic commitment and operational performance. GT and GTS capture how
firms communicate and institutionalize transition efforts, while EI provides a conservative
check on physical efficiency. Using these measures together reduces the risk that disclo-
sure substitutes for action and provides a clearer basis for accountability.

For policy design, the evidence suggests that digital infrastructure investment should
be sequenced with energy-system reforms and ESG governance. Digitalization can accel-
erate the organizational side of transition, but emissions outcomes depend on energy
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prices, grid mix, and capital turnover. Coordinated policy packages are therefore more
likely to deliver sustained reductions in carbon intensity.

Taken together, the evidence suggests that digital economy policy should be judged
not only by productivity gains but also by its ability to build credible transition infrastruc-
ture. The indicator suite provides a practical way to monitor whether digital investments
are translating into substantive environmental improvements, and it can be adapted to
other contexts where emissions data are incomplete or uneven.

By positioning digital economy development as part of a broader sustainability
toolkit, the study aligns with the Sustainability agenda of integrating technological inno-
vation and environmental governance. The indicator suite and mechanism evidence can
be adapted to other contexts and can inform how digital infrastructure investment is eval-
uated against climate objectives.

A further contribution is methodological transparency. The indicator suite, variable
construction, and robustness checks are documented in a way that facilitates replication
and comparison across settings. For Sustainability readers, such transparency matters be-
cause it allows cross-country learning and meta-analytic synthesis in a field where data
availability is uneven. Replication-oriented design also helps policymakers evaluate
whether digital investments are delivering measurable environmental benefits rather than
only improving narrative disclosure. This transparency also facilitates independent veri-
fication and reuse. It strengthens credibility for stakeholders.

Limitations include the text-based nature of GT/GTS, partial EI coverage, and resid-
ual endogeneity despite fixed effects and lagging. Future research should leverage policy
experiments such as broadband rollouts or digital-pilot programs and integrate facility-
level or supply-chain emissions data.

Opverall, digital economy policy should be treated as part of a broader green-transi-
tion portfolio. Coordinated monitoring of disclosure and emissions indicators can help
distinguish symbolic compliance from substantive decarbonization and inform evidence-
based policy design.
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Appendix A
Appendix A.1. Data Sources and Sample Construction

The analysis uses the compiled firm-year dataset. The dataset integrates firm-level
financials, text-based indices from annual and CSR/sustainability reports, city-level digital
economy indices, ESG scores, and carbon-intensity measures for Chinese listed firms from
2008 to 2022. We focus on non-financial A-share firms and exclude observations with miss-
ing core variables. Firm-level financial data and ESG scores are sourced from licensed da-
tabases and cannot be redistributed; the replication package provides code and documen-
tation to reproduce all tables and figures conditional on data access.

The unit of analysis is a firm-year. City-level digital economy indicators are linked to
firms via headquarters location. To mitigate short-term simultaneity, the digital economy
index and controls are lagged by one year in baseline models.

Appendix A.2. Variable Definitions and Construction

Table Al provides definitions, construction details, units/scale, and interpretation
notes for all variables used in the analysis.

Text-based indicator construction (GT, GTS, and DT). The GT and DT indices are
derived from firms’ annual reports and CSR/sustainability reports. Documents are con-
verted to plain text, with tables/figures, boilerplate headers/footers, and duplicated sec-
tions removed. We apply consistent encoding, standardize punctuation, and normalize
whitespace to reduce noise across years and reporting formats.

Dictionary formation and validation. We use two curated keyword dictionaries: (i) a
green/low-carbon transition dictionary covering climate, energy efficiency, renewable en-
ergy, green supply chains, and environmental management; and (ii) a digital transfor-
mation dictionary covering digital infrastructure and applications (e.g., big data, cloud
computing, Al, industrial internet, and platformization). Dictionaries were developed
from policy and academic terminology and iteratively refined to remove ambiguous
terms; the final keyword lists and scripts are provided in the replication package (see
“data and code/dict/gt;eywords.txt” and “data and code/dict/dt,eywords.txt”).

Scoring and normalization. Let Words;, denote the total number of tokens in firm
i’sreportin year t, and let KW;, denote the total matched keyword count. The transition-
level indicator is constructed as GT;, = fracKW§ Words; .. The digital transformation in-
dicator is constructed as DT;; = In(1 + K Wl-gT). Transition speed is measured as the year-
on-year growth rate of the underlying transition text index (gt): GTS;; = fracgt; gt;t—1 —
1. All continuous variables are winsorized at the 1st/99th percentiles to mitigate outliers.
The city-level digital economy index is winsorized and then standardized (mean 0, SD 1)
before entering regressions.

Reliability and robustness. We report alternative index variants (DE1, DE2) and an
alternative transition proxy (GTRSP) as robustness checks (Table 6), and we provide ad-
ditional timing and dynamic specifications (Table A3) to assess sensitivity to lag choices
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and persistence in outcomes. These steps strengthen transparency and replicability while
retaining the interpretability advantages of dictionary-based measures.

Table A1l. Variable definitions and construction.

Variable Definition Construction/Transformation Source/Notes

GT;, = fracKW§5 Words;,; winso-  Dictionary-based text mining on an-
GT Green transition level bt Lt vt .
rized at 1%/99%. nual/CSR reports; see Appendix A.2.
.. GTSi:t =/ rac‘g.ti'tgti't_l._. Derived from transition text index; see
GTS Green transition speed 1(growthinunderlyingtransitiontex A dix A2
; winsorized at 1%/99%. ppendix A.2.
GTRSP Altern.ative green transi- Alternative GT index (gtrsp) used Text mining variant.
tion outcome for robustness checks.
CO2 emissions intensity (COrin-
EI Carbon intensity ’ y (CO: Firm emissions intensity data.

tense), winsorized at 1%/99%.

EI_red_speed

. CO: intensity reduction speed .
EI reduction speed ’ Y P Alternative EI outcome.

(COzinten reduction).

EI red_level

COz intensity reduction level

. . Alternative EI outcome.
(COrintenreduction).

EI reduction level

City-level composite digital econ- . - .
y P & Official statistics-based composite;

DE (std.) Digital economy index omy index (EDI;otal), winsorized ) ) )
linked by firm head t ty.
then standardized (mean 0, SD 1). tiked by fifth headquarters city
DEL std Alternative fiigital econ- Alternative index edil standardized Robustness index.
omy index tomean 0, SD 1.
DE2. std Alternative fﬂligital econ- Alternative index edi2 standardized Robustness index.
omy index to mean 0, SD 1.
DT Digital transformation DT;, = In(1 + KW/"); winsorized at Dictionary-based text minin‘g on an-
19%/99%. nual reports; see Appendix A.2.
ESG score ESG disclosure Composite E,SG d,l sclosure score, Licensed ESG database.
winsorized.
Size Firm size Log of total as?,ets (Size), winso- Financial statements.
rized.
Total liabilities/total assets (Lever- . .
Leverage Leverage . . Financial statements.
age), winsorized.
ROA Profitability Return on assets (ROA), winsorized. Financial statements.
R th rate (G th in-
Growth Growth evenue growth rate (Growth), win Financial statements.

sorized.

Appendix A.3. Empirical Specification
Baseline model (for GT, GTS, and EI):

Yie=a+PBDE; ;1 +vX;i—1 +u; + A + {varepsilon}; ,

where Y;, is GT, GTS, or EI; DE;,_, is the lagged standardized digital economy index;
Xit—1 is the vector of lagged controls (Size, Leverage, ROA, Growth); u; and A, denote
firm and year fixed effects. Standard errors are clustered at the firm-level.

Mechanism and mediation tests use:

Mediator;; = a + BDE; ;1 + vX; 11 + u; + A¢ + {varepsilon};,

GT;y = a + FDE;;_1 + 6Mediator;;_ +yX; ;1 + t; + A, + {varepsilon}; .

Mediators include DT and ESG score. The mediation framework is descriptive and
interprets coefficient attenuation as partial mediation.
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Appendix A.4. Data Treatment and Cleaning

All continuous variables are winsorized at the 1st and 99th percentiles. Digital econ-
omy indices are standardized to mean 0 and standard deviation 1. DE and all controls are
lagged by one year. Observations with missing DE or outcome variables are excluded
from each regression.

Appendix A.5. Table A2: Alternative Carbon-Intensity Outcomes

Table A2 reports alternative carbon-intensity outcomes based on CO: intensity re-
duction speed and reduction level.

Table A2. Alternative carbon-intensity outcomes.

EI Reduction Speed  EI Reduction Speed  EI Reduction Level  EI Reduction Level

Variable (Firm FE) (Two-Way FE) (Firm FE) (Two-Way FE)
DE (t-1) -0.0056 0.0010 -0.0001 * 0.0000
(0.0048) (0.0056) (0.0000) (0.0001)
Controls Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes
Year FE No Yes No Yes
N 23,833 23,833 23,881 23,881
R2 within 0.090 0.089 0.106 0.106
Notes: Firm and year fixed effects as indicated. Standard errors clustered at firm-level. DE and con-
trols are lagged by one year. * p <0.10.

Additional robustness tables. Table A3 reports timing and dynamic specifications
that justify the one-year lag structure and clarify persistence adjustments. Table A4 re-
ports carbon-intensity sensitivity tests using industry-year effects and alternative normal-
izations (In(EI)). Table A5 reports robustness checks using alternative clustering and re-
port-length controls.

Table A3. Timing and Dynamic Specifications (Robustness).
; (63-1) GT  (S83-2) GT with (S3-3) GT Dy- (83-4) GTS  (S83-5) GTS with (S3-6) GTS Dy-
Variable . . . .
Baseline 2-Year Lag namic Baseline 2-Year Lag namic
0.0044 *** 0.0020 *** .
DE (t-1) (0.0004) (0.0004) 0.0039 * (0.0023) 0.0021 (0.0022)
0.0021 ***
DE (t-2) (0.0005) 0.0006 (0.0024)
Lagged outcome 0.2357 *** -0.4112 ***
t-1) (0.0098) (0.0046)
Controls Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
N 35,853 31,464 35,853 35,504 31,464 32,889
R2_within 0.044 0.034 0.107 0.010 0.001 0.197

Notes: Firm and year fixed effects included. Standard errors clustered at firm level. DE and controls
are lagged by one year unless otherwise indicated. The dynamic specification additionally controls
for the lagged dependent variable. * p <0.10, *** p <0.01.

Table A4. Carbon-Intensity Sensitivity Tests (Industry-Year Effects and Alternative Normaliza-
tions).
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(54-2) EI + Industry- (S4-3) In(EI) Two-Way (S4-4) In(EI) + Indus-

Variable (54-1) EI Two-Way FE Year FE FE try-Year FE
DE (t-1) 0.0000 (0.0001) -0.0000 (0.0000) -0.0014 (0.0046) -0.0017 (0.0046)
Controls Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes
Year FE Yes No Yes No
Industry-Year FE No Yes No Yes
N 23,881 23,881 23,881 23,881
R2_within 0.005 0.005 0.004 0.004

Notes: Dependent variables are EI and In(EI). Firm fixed effects are included in all specifications;
year effects are included where indicated. Industry-year fixed effects absorb sector-specific macro

shocks. Standard errors clustered at firm level. DE and controls are lagged by one year.

Table A5. Robustness Checks: Alternative Clustering and Report-Length Controls.

(S5-1) GT (Firm (S5-2) GT (City (S5-3) GT (Two- (S5-4) GT+ (S5-5) DT (Base- (S5-6) DT +

Variable Cluster) Cluster) Way Cluster) Length line) Length
DE (t-1) 0.0044 *** 0.0044 *** 0.0044 *** 0.0042 *** 0.1437 *** 0.1299 ***
(0.0004) (0.0004) (0.0004) (0.0004) (0.0105) (0.0108)
Report length 0.4566 ***
(In words, t - 1) 0.0030* (0.0017) (0.0473)
Controls Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Clustering Firm City Firm + City Firm Firm Firm
N 35,853 35,853 35,853 31,827 35,853 31,827
R2_within 0.044 0.044 0.044 0.046 0.094 0.170

Notes: * p < 0.10, ** p < 0.01.
Appendix A.6. Figures

Trends in Key Variables (Standardized Means)
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Figure A1l. Trends in DE, GT, GTS, and EI (standardized means).
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Distributions of Digital Economy and Green Transition
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Figure A2. Distributions of DE and GT.
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Appendix A.7. Replication Steps

1.  Open code/run,eplication.py in the replication package and confirm the DATApATH
points to the local data file.

2. Install the listed Python 3.12.3 dependencies (pandas 2.2.2; numpy 1.26.4; linearmod-
els 6.0; pyreadstat 1.2.7; matplotlib 3.10.8; seaborn 0.13.2).

3. Run the script to generate tables in output/replication.ables and figures in out-
put/figures.

4. Compare outputs to the files provided in the replication package.

Appendix A.8. Replication Checklist

Confirm data licenses for firm financials, ESG scores, and report texts.
Verify variable coverage and sample window (2008-2022).
Document software versions and random seeds if additional bootstrapping is used.
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