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A B S T R A C T

Attaining simultaneous reductions in pollution and carbon emissions is essential for addressing global envi-
ronmental challenges in line with the Sustainable Development Goals. While digital technology is often cited as a 
key driver, its firm-level impact on this dual objective remains empirically underexplored. This study fills this 
gap by examining how digitalization enables firms to simultaneously reduce pollution and carbon emissions. 
Integrating the natural resource-based view and upper echelons theory, this study employs a staggered 
difference-in-differences methodology using panel data from 2962 Chinese A-share listed companies in the 
period of 2010–2022. Our findings show that digital technology significantly promotes synergistic emissions 
reduction. Specifically, a one-unit increase in digitalization corresponds to a 1.22 % reduction in pollution and a 
3.90 % reduction in carbon emissions. This positive effect is amplified in firms led by CEOs with prior envi-
ronmental experience. These results provide valuable insights into how digital technology contributes to the 
advancement of sustainability initiatives. They also highlight its potential to drive progress in corporate envi-
ronmental management and encourage its broader adoption for sustainable development.

Introduction

The rapid industrialization and urbanization in recent decades have 
driven significant economic growth but also intensified climate change 
and environmental pollution (Shahbaz et al., 2022). For example, in 
2020, the aggregate CO2 emissions of China’s top 100 publicly traded 
enterprises amounted to 4.424 billion tons or around 45 % of the 
country’s total emissions.1 Thus, as major contributors to emissions 
(Wang et al., 2021a), firms must achieve a “synergistic reduction,” that 
is, pollution emissions reduction (PER) and carbon emissions reduction 
(CER), to effectively address these challenges (Liu et al., 2023). How-
ever, many firms face challenges in integrating PER and CER into their 
operational frameworks because of technological and managerial limi-
tations (Dong et al., 2021). The emergence of digital technologies (DTs), 
which encompass big data analytics, artificial intelligence (AI), 
cloud-based computing, and blockchain technologies (Bharadwaj et al., 
2013; Nambisan et al., 2017), offers promising solutions to address such 
challenges (Hu, 2023). Specifically, the application of DTs significantly 
reduces resource allocation inefficiencies and enhances the synergy of 

resource production (Gao et al., 2022). These improvements make en-
ergy sharing increasingly efficient and minimize unnecessary energy 
consumption (Khatami et al., 2023), thereby mitigating the environ-
mental impact caused by suboptimal resource alignment. Additionally, 
DTs help firms gather, identify, track, transmit, and integrate PER and 
CER data from manufacturing processes in real time. They thus enable 
enterprises to more accurately measure and track carbon emissions and 
air pollution (Cheng et al., 2023), fostering a synergistic effect between 
PER and CER efforts. In light of these benefits, DTs enhance firms’ ability 
to align pollution control with carbon reduction goals (Butt et al., 2024).

The natural resource-based view (NRBV) further supports this 
perspective, emphasizing that a firm’s ability to achieve and sustain 
competitive advantage increasingly depends on its capacity to develop 
resources that are both environmentally sustainable and aligned with 
long-term growth objectives (Hart, 1995). As emphasized by Bendig 
et al. (2023) within the NRBV framework, DTs are identified as a stra-
tegic asset that mitigates environmental challenges and fosters 
competitive advantages. Thus, DTs align with NRBV principles and 
support sustainability-driven corporate strategies.
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E-mail addresses: cleverqing@pukyong.ac.kr (L. Qing), malin@gcc.edu.cn (L. Ma), z.shen@ieseg.fr (Z. Shen). 

1 Data source: “Carbon Emission Ranking of Listed Companies in China (2021).” (https://www.geidco.org.cn/2021/1122/4031.shtml)
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Despite growing research on the digitalization–environment nexus, 
most studies focus on macro-level impacts, including those conducted at 
the national level in China (Wang et al., 2021b), at the provincial level 
(Zeng and Yang, 2023), and from urban perspectives (Liu et al., 2022a; 
Ma and Lin, 2023; Wang et al., 2023; Xu et al., 2022). Global studies also 
confirm the positive effects of DTs on emission reduction in regions such 
as the EU countries (Kwilinski, 2024; Quttainah and Ayadi, 2024), G20 
nations (Asif et al., 2025; Nguyen et al., 2020), and E7 economies 
(Cheng et al., 2024). Nevertheless, current research offers limited in-
sights into the impact of DTs on the firm-level PER–CER synergistic ef-
fect, as well as the underlying mechanisms. This gap motivates our first 
research question (RQ):

RQ1: Can the synergistic effect of DTs on firm-level PER and CER be 
leveraged, and if so, through what mechanisms?

Additionally, upper echelons theory asserts that executives’ envi-
ronmental backgrounds shape their perception and interpretation of 
environmental issues, which significantly influence corporate decisions 
(Hambrick, 2007; Huang et al., 2023). A CEO’s environmental knowl-
edge, gained through environmental education and professional expe-
rience, enhances a firm’s understanding of long-term sustainability and 
strengthens its commitment to ecologically responsible practices 
(Shahab et al., 2020; Wang et al., 2023). Thus, CEOs with green expe-
rience play a crucial role in driving the success of environmental stra-
tegies (Hoffman, 2010), including overseeing critical initiatives such as 
greenhouse gas reduction and carbon management programs (Haque, 
2017; Peters and Romi, 2014). Simultaneously, CEOs’ green expertise 
can be regarded as a critical environmental resource emphasized by the 
NRBV (Barney, 1991; Hart, 1995), significantly influencing firms’ PER 
and CER initiatives.

Although previous studies have explored the influence of organiza-
tional leaders, particularly CEOs, in various areas such as environmental 
and social performance (Kanashiro and Rivera, 2019), environmental 
disclosures (Lewis et al., 2014), business strategies (Mazutis, 2013), and 
carbon efficiency (Elsayih et al., 2021), limited attention has been given 
to how CEOs’ green experience may foster the synergistic management 
of PER and CER through DTs. This gap raises our second critical 
question:

RQ2: Does a CEO’s green experience moderate the synergistic effect of 
DTs on a firm’s PER and CER?

To address the research questions and fill the identified gaps, this 
study analyzes a panel of 2962 A-share listed firms from China’s 
Shanghai and Shenzhen stock exchanges (2010–2022). Using a stag-
gered difference-in-differences (DID) approach, this study empirically 
examines how DTs contribute to synergistic improvements in PER and 
CER at the firm level. The analysis shows that DTs substantially enhance 
both firm-level PER and CER. These findings are robust to extensive 
robustness checks and endogeneity tests. Importantly, CEOs’ green 
experience is identified as a key determinant of effective environmental 
management. The evidence indicates that such green leadership posi-
tively moderates and enhances DTs’ synergistic effects on PER and CER. 
This study further uncovers two mediating pathways: (1) alleviation of 
financing constraints (FCs) and (2) institutionalization of chief digital 
officer (CDO) positions. DT implementation eases financial limitations 
while promoting CDO appointment, thereby amplifying PER–CER syn-
ergies. Finally, important heterogeneity in treatment effects is docu-
mented. The strongest DT-driven synergies are observed among non- 
state-owned enterprises (non-SOEs), firms in China’s eastern region, 
and non-heavy polluting corporations (non-HPCs).

This study makes three key academic contributions. First, it con-
tributes new insights into the effects of DTs on PER and CER using firm- 
level panel data from China. Although the environmental effects of DTs 
have been widely studied, existing research primarily focuses on the 
macro level (e.g., Alsaifi et al., 2020; Ma and Lin, 2023; Siddique et al., 
2021; Wang et al., 2021b). This approach overlooks their simultaneous 
effects on firms’ PER and CER, particularly in emerging economies. Our 
study, grounded in the NRBV framework, conceptualizes DT adoption as 

a firm’s competitive resource and examines its synergistic relationship 
with PER and CER. This contribution bridges the gap between the 
literature on DTs and environmental strategies, thus offering deeper 
insights into how firms leverage digital tools to address environmental 
challenges.

Second, this study contributes to the body of research on CEO at-
tributes and environmental outcomes through the lens of upper echelons 
theory. While prior research has explored how CEO characteristics in-
fluence corporate social and environmental performance (Kanashiro and 
Rivera, 2019; Walls and Berrone, 2017), the current study provides a 
fresh perspective by examining how a CEO’s green experience moder-
ates and amplifies the link between DTs and PER and CER. This nuanced 
understanding deepens insights into the role of top executives in shaping 
environmental strategies through DTs.

Third, our study offers valuable guidance for enhancing firms’ DT 
strategies. By analyzing the underlying mechanisms, this study finds that 
DTs strengthen the synergistic impact on PER and CER by mitigating FCs 
and facilitating the establishment of CDO roles. These findings provide 
actionable insights for firms to strategically deploy DTs to optimize their 
environmental performance.

The remainder of the research is structured as follows. Section 2 
outlines the theoretical background and derives the hypotheses. Section 
3 describes the data, variables, and empirical model used in the analysis. 
Section 4 sets out the main results. Section 5 discusses the empirical 
analysis. Section 6 draws conclusions.

Theoretical background and hypotheses development

Natural resource-based view and upper echelons theory

As environmental degradation intensifies and the demand for 
remedial action grows, businesses that fail to adopt sustainable practices 
are unlikely to survive in the future (Bendig et al., 2023). The NRBV 
posits that resources and capabilities supporting environmental stew-
ardship provide firms with a competitive edge and drive sustainable 
growth (Hart, 1995). In the digital era, technological applications, such 
as big data, cloud computing, AI, and blockchain, have played a critical 
role in helping firms develop corporate competitive resources (Goldfarb 
and Tucker, 2019; Kraus et al., 2022; Trischler and Li-Ying, 2023; Yuan 
et al., 2023). Firms with robust digital strategies can harness these 
technologies to improve resource efficiency, reduce energy consump-
tion, and modernize industrial systems, ultimately enhancing environ-
mental management (Wang et al., 2022). Thus, the NRBV provides an 
ideal theoretical foundation for examining how DTs synergize CER and 
PER.

Upper echelons theory asserts that executives’ unique characteris-
tics, such as their professional background and experiences, significantly 
shape strategic decisions, including those related to environmental 
accountability (Bertrand et al., 2021; Hambrick, 2007; Quan et al., 
2021). CEOs with “green” knowledge enable them to recognize the 
importance of addressing environmental challenges and identifying 
sustainable development opportunities (Elsayih et al., 2021). In addi-
tion, their leadership not only shapes digital initiatives but also en-
hances the interaction between DTs and environmental strategies (Putra 
et al., 2023). Thus, green-experienced CEOs could leverage their 
expertise and align digital strategies with the interaction between CER 
and PER. These discussions indicate that upper echelons theory can 
provide valuable theoretical guidance for exploring how CEOs’ green 
experience moderates the impact of DTs on the synergistic effect of CER 
and PER.

The synergetic effect of DTs on PER and CER

Industrial nitrogen oxides and sulfur dioxide share similar charac-
teristics (Liu et al., 2024), suggesting the feasibility of achieving CER 
and PER simultaneously through DT strategies (Brunnermeier and 
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Cohen, 2003). First, at the R&D stage, AI optimizes product design and 
shortens development cycles, thereby reducing resource consumption 
and waste (Sheng et al., 2023). Second, at the production stage, big data 
enables real-time pollution monitoring and sustainability evaluations 
(Elmassah and Mohieldin, 2020). AI optimizes resource efficiency (e.g., 
material and energy) through predictive parameter adjustment, thereby 
promoting eco-friendly product development (Goralski and Tan, 2020; 
Liu et al., 2022b). Third, for end-of-life products, cloud computing and 
AI improve waste sorting, resource recycling, and management effi-
ciency (Mastos et al., 2020; Sarc et al., 2019). Finally, in daily opera-
tions, big data and IoT optimize resource allocation, reduce emissions, 
and enhance equipment utilization (Huo et al., 2022). Blockchain and 
smart contracts further streamline resource planning and operations and 
consequently boost efficiency and sustainability (Leng et al., 2020). 
Collectively, these digital tools drive synergistic emissions reduction, 
thereby strengthening environmental responsibility and sustainable 
performance. Additionally, prior studies have shown DTs’ dual impact 
on pollution and carbon management across Chinese provinces (Yi et al., 
2023) and cities (Hu, 2023; Yin et al., 2023), making it a critical enabler 
for addressing environmental challenges in the digital age. Extending 
these views, this study proposes that DTs generate firm-level synergy 
between CER and PER, leading to the first hypothesis:

H1. DTs facilitate the realization of firms’ PER–CER synergies.

The moderating role of CEOs’ green experience

Upper echelons theory suggests that executives’ backgrounds, such 
as work experience and education, influence their strategic decisions. 
CEOs with prior sustainability education, exposure to green manage-
ment practices, and environmental expertise are better equipped to 
integrate their environmental experience with corporate resources and 
strategies (Bertrand et al., 2021; Wang et al., 2023). They are able to 
communicate with their management teams about the challenges and 
opportunities posed by environmental degradation, thus enabling or-
ganizations to address these issues more effectively (Walls and Berrone, 
2017). In particular, many organizations that embrace a top-down form 
of DTs often turn to DTs as a proactive approach to improving envi-
ronmental responsibility efforts (Elsayih et al., 2021). Accordingly, 
CEOs prioritizing environmental sustainability are more likely to embed 
DTs in PER and CER (Ren et al., 2021; Yuan and Wen, 2018). For 
example, they can use digital tools such as AI, big data, and cloud 
computing to help firms control PER and provide practical solutions for 
CER (Shaukat et al., 2016; Shui et al., 2022). Hence, CEOs with green 
backgrounds tend to pursue digital transformation practices consistent 
with ecologically responsible objectives (Andreou et al., 2017; Shahab 
et al., 2020). In line with this reasoning, the next hypothesis is proposed:

H2. CEOs’ green experience positively moderates the impact of DTs on 
firms’ PER–CER synergies.

The mechanism role of financing constraints

As businesses often require financial support to invest in environ-
mental initiatives, insufficient funding can hinder the implementation of 
effective environmental practices. Existing research indicates that FCs 
have become one of the most significant barriers to firms’ environmental 
investments (Ghosh and Dutta, 2022). However, the adoption of 
advanced DTs can enhance the transparency of corporate data and 
reduce information asymmetry between companies and financial in-
stitutions (Cong and He, 2019; Wamba et al., 2015). This reduction in 
information asymmetry helps ease FCs. Specifically, firms can use DTs to 
convert unstructured corporate data into structured formats across 
various levels and channels (George and Schillebeeckx, 2022; Sadeghi 
and Biancone, 2018). This transformation enables companies to quickly 
convey critical information, such as operational status and growth 
projections, to financial entities (Goldfarb and Tucker, 2019; Teece, 
2007). Consequently, financial institutions acquire a more profound 

comprehension of digitally advanced firms, leading to an increased 
propensity to extend credit and offer favorable terms, thereby allevi-
ating firms’ FCs. Moreover, leveraging DTs enables firms to utilize 
innovative financial solutions, including internet-based and supply 
chain financing. These alternatives expand funding sources, decrease 
dependence on conventional lenders, and cut FCs along with associated 
costs (Zhou et al., 2023).

With improved access to capital, businesses are better equipped to 
invest in environmental management initiatives, such as funding R&D 
for cleaner technologies. These investments can help reduce pollution, 
carbon emissions, and waste. In line with these views, Wang et al. (2024)
highlight that AI enhances environmental investments by alleviating FCs 
and that the resulting increase in green investments significantly re-
duces environmental pollution. Similarly, Ren et al. (2023) demonstrate 
that regional DT peer effects enhance firms’ environmental perfor-
mance, including CER, by easing FCs. Chong et al. (2024) show that 
corporate DTs drive the coordinated reduction of pollution and carbon 
emissions by mitigating financial pressures. These findings suggest that 
firms’ adoption of DTs helps eliminate their FCs, thereby achieving 
synergies between PER and CER. Consequently, the following hypoth-
esis is proposed:

H3. FCs serve as an intermediary in the impact of DTs on firms’ PER–CER 
synergies.

The mechanistic role of chief digital officers

Within corporate structures, CDOs serve as pivotal figures in cham-
pioning technological innovation as they are typically entrusted with 
overseeing DT implementation and facilitating enterprise-wide transi-
tions (Kunisch et al., 2022). The existing literature identifies CDOs as 
senior executives tasked with crafting and executing digital strategies, 
with their expertise, values, and backgrounds being critical in steering 
firms’ digital transformation toward environmental sustainability 
(Singh et al., 2020). One example from Bendig et al. (2023) highlights 
that CDOs enhance PER and CER by promoting technologies such as IoT, 
cloud computing, and AI, which reduce environmental impact. Simi-
larly, Scuotto et al. (2022) demonstrate that CDOs improve resource 
allocation, minimize waste through big data analytics, and help firms 
lower their carbon footprint via digital processes. The commitment and 
leadership of CDOs are essential for successfully applying DTs to drive 
environmental transformation within broader strategic environmental 
change. Based on this evidence, the following hypothesis is advanced:

H4. CDOs serve as a mediator in the impact of DTs on firms’ PER–CER 
synergies.

The theoretical framework is depicted in Fig. 1.

Methods

Samples and data sources

The analysis covered all A-share listed companies from the Shanghai 
and Shenzhen stock exchanges (2010–2022). Strict selection criteria 
were applied to ensure data quality. First, firms in the financial sector, 
ST/*ST/PT-designated companies, and delisted or suspended entities 
were excluded. Second, observations with negative total assets or 
missing key variables were removed. This data cleaning process yielded 
an unbalanced panel dataset of 2962 firms, corresponding to 23,064 
firm–year observations. Finally, continuous variables were winsorized 
at the 1st and 99th percentiles to address outliers.

Data for the dependent variables, PER and CER, were manually 
sourced from corporate disclosures (annual reports, social responsibility 
reports), company websites, and environmental agency portals. These 
raw data were then processed and calculated according to the method-
ology provided by China’s National Development and Reform Com-
mission. The primary independent variable, DT adoption, was 
quantified by applying Python-based web scraping and text mining 
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techniques to the text of firms’ annual reports. Data for all control 
variables, as well as for the moderating variable of CEO green experi-
ence (derived from executive profiles), were obtained from the China 
Securities Market & Accounting Research (CSMAR) database.

Variable specification

Independent variable (DT)
Following the methodology of Chen and Srinivasan (2024), this 

study constructed a digital technology enabling index to gauge the de-
gree of DTs in publicly listed firms. This index incorporates DTs such as 
big data, AI, and cloud computing (see Table 1). While existing literature 
often relies on intangible assets, such as software asset balances, as 
proxy indicators for measuring digitization, this approach can under-
estimate the actual level of DTs adoption. To address this limitation, our 
study utilized Python web scraping and text mining techniques to collect 
and extract DT-related key terms from the annual reports of publicly 
traded corporations. The significance of these key terms in the annual 
reports was quantified using the term frequency–inverse document 
frequency technique, as illustrated in Eq. (1): 
DTit =

∑

d∈D
TFdit × IDFdt (1) 

where i and t represent firm and year, respectively. DT denotes the 
digital technology adoption score. TFdit represents the frequency of term 
d in firm i’s annual report in year t. IDFdt denotes the inverse document 

frequency of term d in year t. dϵD refers to the digital technology lexicon 
in Table 1.

Dependent variables

i) PER Building on the existing literature (Li et al., 2023b), this study 
defined a firm’s PER to encompass both comprehensive water and air 
pollution. Comprehensive water pollution includes chemical oxygen 
demand, ammonia nitrogen emissions, total nitrogen, and total 
phosphorus. Comprehensive air pollution includes sulfur dioxide, 
nitrogen oxides, and smoke dust. To standardize these different 
pollution indicators, this study specified a pollution equivalent value 
(PEV) from the “Pollutant Discharge Fee Collection Standard Man-
agement Measures.” This step allowed us to convert the aforemen-
tioned comprehensive water and air pollution metrics into a unified 
PEV, facilitating a consistent and comparable measure of a firm’s 
overall environmental performance across these two dimensions.2

Owing to the presence of zero values in corporate emissions data, 
directly applying the logarithmic transformation would result in trun-
cation issues. To address this issue, this study summed the water and air 
PEVs, added 1 to the total, and then obtained the logarithm. 

ii) CER. CER was computed following Wang et al. (2023), as shown 
in Eq. (2). To avoid truncation when CER equals 0, we added 1 before 
the logarithmic transformation. 
CERit =

∑
FFCit + BFCit + RMEit (2) 

where CERit is the total CER of firm i for year t, FFC is the fossil fuel 
combustion emissions, BFC is the biomass fuel combustion and RME 
refers to the fugitive emissions arising from raw material extraction.

Fig. 1. Theoretical framework.
Sources: By authors.

Table 1 
Digital technology dictionary.

Digital technologies (23 words)
artificial 
intelligence (AI) 
technology

computer 
technology

information 
technology

intelligentization

automation neural 
networks

virtual reality data science

data mining digitization informatization informatization 
strategy

biometrics facial 
recognition

machine learning deep learning

natural language 
processing

image 
recognition

voice recognition cloud computing

cloud platforms cloud security Internet of Things ​

Note: Sourced from companies’ annual financial statements by the authors.

2 The Pollution Equivalent Value (PEV) is a comprehensive indicator used to 
measure environmental pollution. It is determined based on the extent of 
environmental harm caused by pollution emissions, as well as the technical and 
economic feasibility of mitigating these emissions. Pollutants, whether from the 
same medium or different sources, are considered equivalent if they have the 
same PEV, indicating that their environmental impact and the potential for 
remediation are comparable.
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Moderating variable (CEOs’ green experience)
Following Huang and Wei (2023), this study coded CEOs’ green 

experience as a binary indicator: 1 if green experience is present, and 
0 otherwise. Green experience was assessed based on a CEO’s education 
and work history in environmental fields. CEO green education was 
defined based on whether they had received education/certifications 
aligned with the environmental field (e.g., environmental studies, 
environmental engineering, and environmental science) (Huang and 
Wei, 2023). Prior positions and job functions were reviewed by scanning 
resumes for keywords such as “environmental,” “sustainable develop-
ment,” “low carbon,” “clean energy,” “ecology,” “new energy,” “ener-
gy-saving,” and “green.” Additionally, a CEO was defined as the general 
manager, president, or chief executive officer, taking into account the 
variation in executive titles among listed firms.

Control variables
Consistent with Tan et al. (2021), this study included the following 

control variables: i) firm characteristics: size, age, financial leverage, 
and return on assets; and ii) performance metrics: net sales profit 
margin, cash flow rate, and operating income growth rate. Additionally, 
year and firm fixed effects were included to capture temporal and 
firm-specific heterogeneity. Firm-level clustered standard errors were 
corrected for possible autocorrelation in firms over time. Table 2 pro-
vides a summary of these variables.

Model specification

Baseline model
DT was treated as a quasi-natural experiment to identify its effects on 

PER and CER. Researchers (Hausman and Kuersteiner, 2008; Chen et al., 
2018) have proven the effectiveness of the DID model in quasi-natural 
experiments. Therefore, this study used a staggered DID model to 
examine if and how much DTs could boost the effect of PER–CER syn-
ergies (H1) while controlling for firm and time effects. Eq. (3) presents 
the model: 
Yit = β0 + β1DT didit + δControlsit + μi + γt + εit (3) 

where Y are firms’ PER and CER, respectively. DT did is DT adoption. 
Specifically, if firms’ DT adoption occurs within the sample period and 

the time of observation is after the selected year, then the value of 
DT did is 1; otherwise, it is 0. Controls comprises the control variables 
outlined in Table 2. β0 denotes the intercept while μ and γ signify firm- 
specific and year-specific fixed effects, respectively. ε represents the 
stochastic error component. The coefficient β1 captures DTs’ net impact 
on PER–CER synergies, with an expected positive sign.

Moderating model
To investigate the moderating role of CEOs’ green experience 

(Green) on the synergetic effect of firms’ DTs on PER and CER (H2), this 
study tested the moderating effect by including the interaction term 
DT did × Green in Eq. (4): 
Yit = β0 + β1DT didit + θ1Greenit + θ2DT didit × Greenit + δControlsit + μi

+ γt + εit
(4) 

where Greenit represents the moderating variable: whether firm i has a 
green CEO in year t (Green = 1, Green = 0). The interaction coefficient 
(θ2) quantifies how CEOs’ green experience amplifies DTs’ effect on 
PER–CER synergies. Other variables remain constant.

Summary statistics

Descriptive statistics
Table 3 presents the summary statistics of the primary variables 

analyzed in the regression study. The results indicated considerable 
variation across firms.

Temporal dynamics of firm-level DT adoption
Word frequencies of DT terms were aggregated across firms, and 

their distribution from 2010 to 2021 was visualized. Fig. 2 illustrates 
that overall, the adoption of firm-level DTs had been steadily increasing 
over time, with the exception of a noticeable dip in 2021. This trend 
indicated a growing involvement of firms in digital initiatives, reflecting 
the broader shift toward digitalization in corporate strategies.

Spatial and temporal variations in firms’ PER
Fig. 3 displays the average PER values of companies across different 

provinces for the years 2010 and 2021. The comparison revealed a 
general downward trend in firms’ PER over the period. Additionally, a 
significant shift in firms’ PER was noted across most provinces, indi-
cating a broader pattern of improved environmental performance at the 
regional level.

Spatial and temporal variations in firms’ CER
Fig. 4 depicts the provincial averages for 2010 and 2021 to illustrate 

spatial–temporal evolution. A nationwide decline in firms’ CER was 
observed, along with substantial cross-province divergence.

Table 2 
Variable description.

Variables Name Symbol Metrics
Independent Digital 

technology
DT_did See Eq. (1)

Dependent Pollution 
emissions 
reduction

PER Ln [(total water pollution 
equivalents + total air pollution 
equivalents) + 1]

​ Carbon 
emissions 
reduction

CER See Eq. (2)

Moderator CEOs’ green 
experience

Green 1 if the CEO possesses green 
experience; otherwise, 0.

Controls Firm size Size Natural logarithm of total assets
​ Firm age Age Natural logarithm of years since 

the firm was established
​ Financial 

leverage
Lev Total liabilities/total assets

​ Return on assets ROA Net income / Total assets
​ Net sales profit 

margin
Net 
Profit

Net profit/operating income

​ Cash flow rate Cashflow Net cash flows derived from 
operating activities divided by 
total assets

​ Operating 
income growth 
rate

Growth Operating income/previous 
year’s operating income − 1

Sources: By authors.

Table 3 
Data description.

Variables Observations Mean SD Min Median Max
PER 23,064 0.144 0.004 0.134 0.145 0.150
CER 23,064 12.331 1.428 9.660 12.177 15.903
DT_did 23,064 0.961 0.195 0.000 1.000 1.000
Green 23,064 0.005 0.068 0.000 0.000 1.000
Age 23,064 2.891 0.324 1.946 2.944 3.434
Size 23,064 22.307 1.294 20.239 22.097 25.811
Lev 23,064 0.430 0.201 0.075 0.426 0.843
ROA 23,064 0.044 0.054 −0.116 0.039 0.183
Net profit 23,064 0.077 0.122 −0.360 0.069 0.384
Cashflow 23,064 0.050 0.064 −0.106 0.048 0.204
Growth 23,064 0.168 0.311 −0.390 0.118 1.318
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Results

Baseline regression

Table 4 reports the findings from the baseline regression analysis. 
Columns (1) and (2) demonstrate that DT adoption significantly im-
proves both PER and CER at the 1 % significance level. Specifically, a 
one-unit increase in firms’ DTs results in a 1.22 % improvement in PER 
(coefficient = 0.0122) and a 3.90 % improvement in CER (coefficient =
0.0390). These results confirm DTs’ synergistic PER–CER effect, thus 
supporting H1.

The moderating effect of CEOs’ green experience

Table 5 shows the moderating results of CEOs’ green experience. In 
Column (1), the interaction term (DT did ∗ Green) shows a positive and 
significant effect (coefficient = 0.0025) at the 1 % level, indicating that 
CEOs’ green experience positively moderates the link between DT 
adoption and PER. Similarly, Column (2) shows a significant positive 
impact (coefficient = 0.7194) for the interaction term at the 1 % level, 
demonstrating that CEOs with green experience also enhance DTs’ 

impact on CER. These findings robustly support H2, confirming that 
CEOs with green experience amplify DTs’ synergistic PER and CER.

Robustness tests and endogeneity concerns

Multiple additional tests were conducted to validate the baseline 
findings.

Parallel trend test
The DID model needs to fulfill the co-trend requirement, which as-

serts that the trends between the control and treatment groups should 
have no substantial change prior to the policy’s adoption. In this study, 
the parallel trend assumption is tested following Beck et al. (2010). Eq. 
(5) is defined as 
Yit = β0 + β1Before4+

it + β2Before3
it + β3Before2

it + β4Before1
it + β5Currentit

+ β6After1
it + β7After2

it + β8After3
it + β9After4+

it + δControlsit + μi + γt
+ εit

(5) 

where Before4+ is a binary variable that equals 1 if the observation takes 
place four or more years prior to the implementation of the DT policy, 
and 0 otherwise. Before3 and Before2 are binary variables equal to 1 if the 
observation is three and two years prior to the DT policy, respectively; 

Fig. 2. Temporal dynamics of DT adoption.
Sources: By authors.

Fig. 3. Spatial and temporal variations in firms’ PER for the years 2010 and 2021. 
Notes: N represents the compass direction North on the map. The colored rectangular boxes indicate the numerical range of firms’ PER. The scale bar at the bottom 
represents the distance in kilometers (km).
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otherwise, they are equal to 0. Accordingly, Before1 is a binary variable 
equal to 1 if the observation is one year prior to the DT policy, and 
0 otherwise. The current year marks the implementation of the DT 
policy. Dummy variables After1, After2, and After3 are assigned a value of 
1 if the observation occurs in the first, second, and third year following 
the DT policy, respectively, and 0 otherwise. After4+ is a binary variable 
that takes the value of 1 for instances occurring four or more years 

subsequent to the DT policy.
Fig. 5 illustrates the results of the parallel trend test. The findings 

indicate that the slopes of the PER and CER trend lines are nearly 
identical for both the experimental and control groups, suggesting that 

Fig. 4. Spatial and temporal variations in firms’ CER for the years 2010 and 2021. 
Notes: N represents the compass direction North on the map. The colored rectangular boxes indicate the numerical range of firms’ CER. The scale bar at the bottom 
represents the distance in kilometers (km).

Table 4 
Baseline regression result.

VARIABLES (1) (2)
PER CER

DT_did 0.0122*** 0.0390***
​ (7.94) (3.31)
Age 0.1974*** −0.0019
​ (85.87) (−0.28)
Size 0.0074*** 0.9376***
​ (11.10) (347.19)
Lev −0.0233*** 0.5584***
​ (−8.62) (32.41)
ROA −0.0162*** 10.3964***
​ (−3.20) (63.61)
Net profit −0.0035*** −4.2178***
​ (−2.92) (−19.44)
Cashflow 0.0090*** 0.3873***
​ (6.79) (4.75)
Growth −0.0008 0.2815***
​ (−1.18) (28.79)
Constant 0.6991*** −9.1061***
​ (37.97) (−153.08)
Observations 23,064 23,064
R2 0.874 0.834
Number of firms 2962 2962
Firm FE YES YES
Year FE YES YES

Notes: ***p < 0.01. The t-statistics are in parentheses.

Table 5 
Moderating role of CEOs’ green experience.

VARIABLES (1) (2)
PER CER

DT_did 0.0019** 0.0770**
​ (2.33) (2.20)
DT_did * Green 0.0025*** 0.7194***
​ (3.92) (7.53)
Green −0.0018*** −0.6793***
​ (−3.50) (−7.10)
Age 0.0192*** 0.0190
​ (106.09) (1.61)
Size 0.0007*** 0.8934***
​ (8.61) (41.86)
Lev −0.0019*** 0.5725***
​ (−6.94) (30.41)
ROA −0.0012** 10.0965***
​ (−2.31) (49.19)
Net profit −0.0004*** −4.0927***
​ (−4.17) (−30.50)
Cashflow 0.0009*** 0.4291***
​ (4.91) (5.04)
Growth −0.0000 0.2507***
​ (−0.33) (9.47)
Constant 0.0722*** −8.2147***
​ (51.75) (−18.61)
Observations 23,064 23,064
R2 0.853 0.767
Number of firms 2962 2962
Firm FE YES YES
Year FE YES YES

Notes: ***p < 0.01, **p < 0.05. The t-statistics are in parentheses.
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the pre-policy trends for both groups are similar. This result supports the 
parallel trend assumption. Furthermore, the synergetic effect of DT on 
PER and CER begins to manifest after the implementation of the DT 
policy, and this driving effect remains persistent over time.

Placebo test
A placebo test is performed to ensure that the estimated DT policy 

effect on PER and CER is not confounded by concurrent policies. This 
test includes the random assignment of the DT policy timing, with this 
randomization repeated 500 times for model estimation, and the sub-
sequent plotting of the kernel density of the estimated “pseudo” co-
efficients for the DT variables. As the timing of the “pseudo” policy is 
generated randomly, the coefficients of the “pseudo” treatment vari-
ables are centered around zero. If the coefficients deviate significantly 
from zero, then potential bias would be present in the model.

The placebo test result for PER and CER is shown in Fig. 6. The 
estimated coefficients have mean values close to 0 while most p-values 
are greater than 0.1. This result indicates that the observed synergetic 
influence of DTs on PER and CER does not arise by chance and thus 
reconfirms the reliability and robustness of our conclusions.

Alternative independent variable measurement
Following Acemoglu and Restrepo (2020), this study employs 

firm-level exposure to industrial robots (Robots) as an alternative mea-
sure of DTs. The measurement of this variable is as follows:

First, exposure to industrial robots is quantified at the industry level, 
denoted as PRCH

it . 

PRCH
it =

MRCH
it

LCH
i,t=2010

(6) 

where PRCH
it stands for the exposure to industrial robots in China’s in-

dustry i during the specified year t; MRCH
it denotes industrial robot stock 

to China’s industry i for the specified year t; and LCH
i,t=2010 represents the 

employee count for China’s industry i in the year 2010, which serves as 
the base period.

Second, exposure to industrial robots at the firm level is conducted, 
denoted as Robotsjit. 

Robotsjit =
PWPjit=2011

ManuPWPt=2011
∗

MRCH
it

LCH
i,t=2010

(7) 

where Robotsjit denotes the exposure to industrial robots by firm j in 

Fig. 5. Parallel trend test. 
Notes: The left and right figures show the parallel trend test for the effects of the DT policy on firms’ PER and CER, respectively. The horizontal axis represents the 
years preceding and following the implementation of the DT policy. The vertical axis displays the estimated coefficients of the DT policy’s impact on firms’ PER and 
CER. The dots indicate the estimated coefficient values while the dashed lines above and below the dots represent the 95 % confidence intervals. Additionally, 
because period −1 serves as the baseline, we omit its data.

Fig. 6. Placebo test. 
Notes: The left and right figures show the placebo test for the effects of the DT policy on firms’ PER and CER, respectively.
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industry i and year t; PWPjit=2011
ManuPWPt=2011 represents the ratio of production unit 

employees of firm j in industry i in the manufacturing sector in 2011 
(base period) compared with the median ratio of all manufacturing 
companies in the same year. Data on industrial robots are extracted from 
the International Federation of Robotics.

The findings presented in Columns (1)–(2) of Table 6 confirm a 
positive correlation between exposure to industrial robots and both PER 
and CER, achieving significance at the 1 % level. Thus, our outcome 
affirms the robustness and consistency of our conclusion.

Lagged regression
Given that the effects of successful DT adoption often exhibit a time 

lag, typically ranging from one to two years, this study accounts for such 
delays by lagging the independent variables by one and two years as 
well. The findings presented in Columns (1)–(4) of Table 7 reveal that 
the DT did coefficient remains significantly positive, suggesting that the 
positive influence of DTs on firms’ PER and CER is both robust and 
reliable, even after accounting for the potential time lag in its 
consequences.

Adding control variables
Firm ownership, shareholder structure, and the allocation of au-

thority across managers significantly impact production and operational 
dynamics, thereby influencing the effectiveness of DTs on PER and CER. 
To address these factors, this study introduces additional controls: firm 
ownership (SOE), managerial duality (Dual), and the shareholding 
proportion of the second-largest shareholder relative to the largest 
shareholder (Balance). The findings displayed in Columns (1)–(2) of 
Table 8 support our previous conclusions, further reinforcing the 
robustness and reliability of our findings.

Adjusting the sample period
Our sample covers the years 2020 and 2021, which were heavily 

influenced by the COVID-19 pandemic, which might distort the regres-
sion results. If not properly accounted for, this factor could introduce 
endogeneity issues owing to omitted variables. To address this concern, 
this study excludes data from the pandemic years and re-estimates the 
regression. Columns (3)–(4) of Table 8 show that DTs positively affect 
PER and CER, proving our findings even after eliminating the pandemic 

years.

Endogeneity concerns
Following Chen et al. (2023), this study addresses endogeneity using 

propensity score matching (PSM) and an instrumental variable 
approach. The Appendix displays our results, which confirm our 

Table 6 
Robustness test: Alternative independent variable measurement.

VARIABLES (1) (2)
PER CER

Robots 6.9974*** 20.3561***
​ (3.91) (18.95)
Age 0.0590*** 0.0039
​ (6.22) (0.65)
Size 0.0053** 0.9385***
​ (2.55) (360.32)
Lev −0.0499*** 0.5606***
​ (−2.77) (32.41)
ROA −0.0340 10.3817***
​ (−0.99) (61.62)
Net profit −0.0296*** −4.2144***
​ (−6.60) (−19.09)
Cashflow 0.0462*** 0.4121***
​ (5.24) (5.11)
Growth 0.0047 0.2807***
​ (1.31) (27.26)
Constant 1.1671*** −9.1250***
​ (16.08) (−172.82)
Observations 23,064 23,064
R2 0.256 0.835
Number of firms 2962 2962
Firm FE YES YES
Year FE YES YES

Notes: ***p < 0.01, **p < 0.05. The t-statistics are in parentheses.

Table 7 
Robustness test: One- and two-period lags of the independent variable.

VARIABLES (1) (2) (3) (4)
PER CER PER CER

L. DT_did 0.0107*** 0.0331** ​ ​
​ (8.63) (2.29) ​ ​
L2. DT_did ​ ​ 0.0088*** 0.0606***
​ ​ ​ (9.11) (10.43)
Age 0.1959*** −0.0057 0.1937*** −0.0185***
​ (73.96) (−0.64) (107.20) (−2.87)
Size 0.0071*** 0.9352*** 0.0065*** 0.9328***
​ (12.01) (347.24) (10.97) (320.93)
Lev −0.0215*** 0.5601*** −0.0190*** 0.5679***
​ (−7.18) (43.20) (−7.02) (41.89)
ROA −0.0133*** 10.3799*** −0.0069*** 10.2703***
​ (−2.75) (54.36) (−2.74) (48.52)
Net profit −0.0038** −4.1566*** −0.0048*** −4.0071***
​ (−2.33) (−20.76) (−3.47) (−22.41)
Cashflow 0.0097*** 0.4552*** 0.0086*** 0.5026***
​ (7.44) (4.65) (8.47) (3.61)
Growth 0.0001 0.2986*** 0.0006** 0.3067***
​ (0.25) (25.96) (1.99) (24.27)
Constant 0.7097*** −9.0384*** 0.7280*** −8.9859***
​ (43.88) (−163.85) (52.04) (−136.99)
Observations 19,875 19,875 17,231 17,231
R2 0.857 0.827 0.836 0.821
Number of firms 2656 2656 2512 2512
Firm FE YES YES YES YES
Year FE YES YES YES YES

Notes: ***p < 0.01, **p < 0.05. The t-statistics are in parentheses.

Table 8 
Robustness tests: Adding control variables and adjusting the sample period.

VARIABLES Adding control variables Adjusting the sample period
(1) 
PER

(2) 
CER

(3) 
PER

(4) 
CER

DT_did 0.0122*** 0.0412*** 0.0105*** 0.0396***
​ (8.02) (3.88) (8.72) (2.85)
Age 0.1975*** −0.0234*** 0.2014*** −0.0021
​ (86.08) (−2.62) (94.02) (−0.22)
Size 0.0073*** 0.9275*** 0.0068*** 0.9393***
​ (11.15) (384.20) (9.67) (228.83)
Lev −0.0222*** 0.5328*** −0.0204*** 0.5315***
​ (−8.77) (26.06) (−7.37) (34.55)
ROA −0.0166*** 10.4615*** −0.0184*** 10.6317***
​ (−3.02) (67.17) (−5.61) (83.26)
Net profit −0.0033*** −4.2404*** −0.0010 −4.4599***
​ (−2.74) (−20.39) (−1.20) (−26.38)
Cashflow 0.0092*** 0.3550*** 0.0065*** 0.4246***
​ (6.62) (4.53) (4.50) (4.35)
Growth −0.0009 0.2950*** −0.0014** 0.2723***
​ (−1.30) (34.99) (−2.25) (29.82)
SOE −0.0037** 0.0467*** ​ ​
​ (−2.52) (14.57) ​ ​
Dual 0.0010*** −0.0321*** ​ ​
​ (3.03) (−11.28) ​ ​
Balance 0.0016*** −0.0586*** ​ ​
​ (6.45) (−7.26) ​ ​
Constant 0.7026*** −8.7666*** 0.6974*** −9.0650***
​ (39.67) (−166.18) (36.82) (−101.30)
Observations 23,064 23,064 17,566 17,566
R2 0.874 0.835 0.865 0.831
Number of firms 2962 2962 2517 2517
Firm FE YES YES YES YES
Year FE YES YES YES YES

Notes: ***p < 0.01, **p < 0.05. The t-statistics are in parentheses.
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conclusions with the benchmark regression.

Mechanism analysis

With the establishment of the main relationship between DTs and 
synergistic emissions reduction, the next logical step is to investigate the 
underlying channels. This study thus explores the potential mechanisms 
through which a firm’s DT adoption influences both PER and CER. 
Specifically, the mediating roles of FC and CDO in this relationship are 
examined.

First, the mediating role of FC is assessed. Consistent with Li et al. 
(2023a), this study uses the Whited and Wu (WW) index as a proxy for 
FC. The WW index is computed as 

WW index = − 0.091 ×
Cashflow

Asset − 0.062 × DIVPOS + 0.021

×
LTDT
Asset − 0.044 × Size + 0.102 × ISG − 0.035 × SG

(8) 

where Cashflow
Asset denotes operational cash flows/total assets. If the corpo-

ration pays cash dividends, DIVPOS is 1; otherwise, it is 0. LTDT
Asset represents 

the long-term debt/total assets. Size denotes the logarithmic value of the 
total asset. ISG is the industry sales growth while SG is the business sales 
growth. Corporate financing constraint increases with the WW index. 
The data are sourced from the CSMAR database.

The findings are shown in Table 9. Column (1) shows DT’s effect on 
FC. At the 1 % significance level, DT did is substantially negative (co-
efficient = −0.1262, t = −2.86), demonstrating that DT significantly 
alleviates corporate FCs. Thus, H3 is validated. This result shows that FC 
is key in mediating DT’s influence on the PER–CER synergy.

Second, the mediating role of CDO is examined. Following Kunisch 
et al. (2022), this study employs a dummy variable (CDO), which is set 
to 1 if a firm employs a CDO at year-end, and 0 otherwise. As per Haislip 
and Richardson (2018), CDOs are defined as executives with back-
grounds in corporate information management or information technol-
ogy. Data are manually extracted from CSMAR executive biographies. 
Column (2) of Table 9 reveals a positive, significant effect of DT did on 
CDO (coefficient = 0.0357, t = 8.28, p < 0.01), confirming the CDO’s 
role as a critical mechanism in linking DT adoption to the PER–CER 

synergy. Thus, H4 is supported.

Further analyses

To better understand the characteristics and spatial differences in 
how firms’ DT impacts their PER and CER, this study analyzes potential 
heterogeneities by ownership, industry, and geographic location.

First, ownership heterogeneity is examined by comparing state- 
owned enterprises (SOEs) with non-SOEs. Table 10 shows the signifi-
cant disparities in the outcomes for these two categories. Columns (1)– 

(2) indicate that DT significantly enhances PER but has no statistically 
meaningful effect on CER. These findings suggest that although DT may 
improve PER, it does not similarly influence CER in SOEs. However, 
Columns (3)–(4) exhibit a strong positive impact of DT on both PER and 
CER in non-SOEs, highlighting a strong synergetic effect.

Second, industry heterogeneity is assessed. Following Chen and 
Dagestani (2023), this study classifies firms as heavily polluting corpo-
rations (HPCs) and non-HPCs. Columns (1)–(2) of Table 11 exhibit no 
significant PER–CER improvement from DT adoption, implying limited 
environmental benefits in high-pollution sectors. On the contrary, Col-
umns (3)–(4) show that DT positively affects non-HPCs’ PER–CER syn-
ergy at the 1 % level. This result indicates that in low-energy or 
less-polluting industries, DT adoption yields a stronger synergistic 
emissions reduction.

Third, geographic heterogeneity is investigated. Following Shahbaz 
et al. (2022), this study compares the synergistic effect of firms’ DT 
adoption on PER and CER across China’s eastern, central, and western 
regions. Table 12 highlights distinct regional patterns. Columns (1)–(2) 
demonstrate significant PER–CER synergy from DT adoption in eastern 
enterprises. Hence, in China’s more economically developed and tech-
nologically advanced areas, using DT helps improve both PER and CER, 
which work together to have a beneficial effect. On the contrary, Col-
umns (3)–(6) show that in the Central and Western areas, DT adoption 
does not result in a synergistic effect between PER and CER.

Table 9 
Mechanism analysis: Financing constraints and CDO.

VARIABLES (1) (2)
FC CDO

DT_did −0.1262*** 0.0357***
​ (−2.86) (8.28)
Age −1.3479** −0.0412***
​ (−2.25) (−7.76)
Size −0.0480 −0.0019
​ (−0.68) (−0.86)
Lev −0.2099*** −0.0246**
​ (−3.21) (−2.33)
ROA −0.3202 0.2022***
​ (−0.99) (15.01)
Net profit 0.1477 −0.0426***
​ (0.89) (−4.04)
Cashflow 0.6409** −0.2117***
​ (1.97) (−8.81)
Growth −0.3811** 0.0191***
​ (−2.06) (6.97)
Constant 3.4460*** 0.1665***
​ (8.52) (2.97)
Observations 23,064 23,064
R2 0.00369 0.014
Number of firms 2962 2962
Firm FE YES YES
Year FE YES YES

Notes: ***p < 0.01, **p < 0.05. The t-statistics are in parentheses.

Table 10 
Ownership heterogeneity.

VARIABLES SOEs Non-SOEs
(1) 
PER

(2) 
CER

(3) 
PER

(4) 
CER

DT_did 0.0091*** 0.0114 0.0126*** 0.0576*
​ (6.48) (0.79) (8.76) (1.83)
Age 0.2162*** −0.0155 0.1816*** −0.0286***
​ (85.46) (−0.96) (152.60) (−4.26)
Size 0.0084*** 0.9355*** 0.0073*** 0.9280***
​ (14.35) (795.29) (6.82) (233.30)
Lev −0.0213*** 0.4261*** −0.0140*** 0.6286***
​ (−8.54) (16.81) (−5.32) (22.66)
ROA −0.0180*** 11.1804*** −0.0127 9.7815***
​ (−4.08) (33.40) (−1.57) (28.66)
Net profit −0.0034* −4.8754*** −0.0062*** −3.7350***
​ (−1.67) (−41.44) (−4.35) (−15.45)
Cashflow 0.0125*** 0.1716** 0.0094*** 0.5131***
​ (3.68) (2.53) (8.20) (4.82)
Growth −0.0015*** 0.3496*** −0.0010** 0.2530***
​ (−2.64) (29.11) (−2.14) (16.38)
Constant 0.5986*** −8.8818*** 0.7575*** −8.8798***
​ (56.29) (−185.05) (30.90) (−97.76)
Observations 8927 8927 14,137 14,137
R2 0.900 0.815 0.857 0.813
Number of firms 967 967 2179 2179
Firm FE YES YES YES YES
Year FE YES YES YES YES
Difference within 

groups (Chow 
test)

0.0077***

​ (4.02)
Notes: ***p < 0.01, **p < 0.05, *p < 0.1. The t-statistics are in parentheses.
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Discussion

Amid the global wave of digitalization, environmental governance is 
embracing new opportunities. This study focuses on how firms leverage 
DTs, such as AI, blockchain, cloud computing, and big data, to address 
the dual challenges of environmental pollution and carbon emissions 
control. Firm-level data are drawn from 2962 Chinese companies listed 
on the Shanghai and Shenzhen stock exchanges in 2010–2022. Guided 
by the NRBV and upper echelon theory, this study applies a staggered 
DID design to assess how DT adoption jointly influences PER and CER 
and to probe the underlying mechanisms. Particular attention is given to 

CEOs’ green experience in shaping this synergy. Potential heterogeneity 
is further analyzed across ownership structures, industry types, and 
geographic locations. The key empirical insights of this study are as 
follows: 

i) This study demonstrates that the synergistic effect of enterprises’ 

PER and CER can be effectively realized through the imple-
mentation of DTs. In particular, a firm’s PER improves by 1.22 % 
while its CER improves by 3.90 % for every unit increase in DT 
adoption. This finding suggests that firm-level DT adoption offers 
a feasible solution to mitigating global climate change. Our re-
sults align with those of the studies performed by Chong et al. 
(2024), Hu et al. (2023), and Wang and Su (2025), which posit 
that the expansion of digital initiatives contributes to the synergy 
between PER and CER. Meanwhile, our findings sharply contra-
dict those of Bianchini et al. (2023), who report that the devel-
opment of DTs in Europe increases greenhouse gas emissions.

ii) Our findings reveal that having CEOs with green experience 
positively moderates the synergistic effect of firms’ DT adoption 
on PER and CER, which means that such CEOs amplify this syn-
ergy. The results align with those of Elsayih et al. (2021), who 
indicate that CEOs with extensive environmental expertise tend 
to achieve better carbon performance. Our result confirms that a 
CEO with green experience brings new environmental perspec-
tives, which help in integrating DTs with environmental strate-
gies, thereby enhancing PER and CER. Furthermore, Ren et al. 
(2021) highlight how CEOs’ ethical leadership strengthens the 
influence of green human resource management on environ-
mental performance. This finding aligns with our conclusion that 
CEO leadership, especially regarding green experience, is crucial 
in amplifying the positive effects of digital strategies on envi-
ronmental outcomes.

iii) Our mechanism analysis reveals that DT adoption enhances the 
PER–CER synergy through two pathways: alleviating FCs and 
establishing CDOs. On the one hand, our findings are supported 
by Li et al. (2022), who also demonstrate that DTs help firms 
achieve synergetic control of PER and CER by mitigating FCs. 
Specifically, DTs create more favorable financing conditions, 
thereby reducing the FCs faced by firms and enabling them to 

Table 11 
Industry heterogeneity.

VARIABLES HPC Non-HPC
(1) 
PER

(2) 
CER

(3) 
PER

(4) 
CER

DT_did 0.0006** −0.0003 0.0137*** 0.0964***
​ (2.24) (−0.02) (8.55) (11.63)
Age −0.0016 −0.0033 0.1910*** −0.0060
​ (−1.40) (−0.27) (100.42) (−0.86)
Size 0.0001 0.9434*** 0.0091*** 0.9320***
​ (0.18) (127.91) (10.12) (196.84)
Lev 0.0012 0.4108*** −0.0226*** 0.6618***
​ (1.39) (24.37) (−7.64) (22.50)
ROA 0.0043* 9.6272*** −0.0311*** 11.1957***
​ (1.65) (36.60) (−4.69) (27.45)
Net profit −0.0038** −4.4530*** 0.0013 −4.1311***
​ (−2.35) (−25.10) (1.58) (−16.86)
Cashflow 0.0030*** 0.2875** 0.0098*** 0.3692***
​ (4.76) (2.02) (5.64) (5.57)
Growth 0.0002 0.2691*** −0.0007 0.2869***
​ (1.36) (18.68) (−1.43) (24.58)
Constant 1.4919*** −9.0464*** 0.6829*** −9.1208***
​ (331.44) (−56.90) (30.64) (−105.58)
Observations 9353 9353 13,711 13,711
R2 0.942 0.828 0.865 0.840
Number of firms 1219 1219 1905 1905
Firm FE YES YES YES YES
Year FE YES YES YES YES

Notes: ***p < 0.01, **p < 0.05, *p < 0.1. The t-statistics are in parentheses.

Table 12 
Geographic heterogeneity.

Eastern Central Western
VARIABLES (1) 

PER
(2) 
CER

(3) 
PER

(4) 
CER

(5) 
PER

(6) 
CER

DT_did 0.0137*** 0.0720*** 0.0005 0.0154 0.0103*** −0.1340***
​ (8.69) (9.87) (1.32) (0.42) (7.38) (−3.63)
Age 0.1912*** 0.0137 0.0025* 0.0530*** 0.2119*** −0.1159***
​ (82.24) (1.58) (1.65) (4.00) (85.55) (−4.03)
Size 0.0083*** 0.9386*** 0.0007*** 0.9359*** 0.0045*** 0.9301***
​ (10.61) (423.47) (3.73) (282.03) (9.52) (158.31)
Lev −0.0225*** 0.6256*** −0.0032*** 0.3758*** −0.0214*** 0.5136***
​ (−7.33) (29.35) (−3.22) (14.44) (−9.91) (17.60)
ROA −0.0131** 10.4527*** 0.0018 10.2761*** −0.0169* 9.8516***
​ (−2.24) (58.78) (0.47) (46.88) (−1.67) (17.45)
Net profit −0.0072*** −4.2257*** −0.0027 −4.4510*** 0.0009 −3.6098***
​ (−7.16) (−19.64) (−1.48) (−23.24) (0.20) (−10.84)
Cashflow 0.0082*** 0.3608*** −0.0009 0.3957** 0.0111*** 0.5421***
​ (6.36) (4.94) (−0.67) (2.24) (4.28) (3.29)
Growth −0.0009 0.2801*** 0.0011*** 0.3026*** −0.0010 0.2490***
​ (−1.30) (40.12) (5.88) (15.22) (−1.61) (8.24)
Constant 0.7000*** −9.2175*** 1.4649*** −9.1355*** 0.7141*** −8.5490***
​ (32.60) (−256.24) (188.32) (−74.84) (64.46) (−41.39)
Observations 15,858 15,858 4374 4374 2464 2464
R2 0.863 0.852 0.947 0.803 0.897 0.782
Number of firms 2146 2146 513 513 292 292
Firm FE YES YES YES YES YES YES
Year FE YES YES YES YES YES YES

Notes: ***p < 0.01, **p < 0.05. The t-statistics are in parentheses.
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allocate more resources to invest in environmental performance 
and carbon reduction. DTs such as big data, AI, blockchain, and 
cloud computing boost organizations’ technical capabilities. 
These technologies promote business data openness, eliminate 
financial institution–company knowledge asymmetry, and facil-
itate access to financing, which in turn support environmental 
management initiatives. On the other hand, our outcome also 
aligns with the study of Singh et al. (2020), who find that CDOs 
with digital expertise tend to exhibit greater digital awareness 
and utilize DTs to improve the efficacy of corporate environ-
mental programs. The presence of a CDO brings new ideas, be-
liefs, and perspectives; it minimizes DT friction and facilitates the 
adoption of digital solutions. As a result, the organization can 
rapidly improve its digital capabilities, make optimal use of its 
digital strategy, and ultimately improve its PER and CER.

iv) DT adoption’s PER–CER synergy shows distinct variation across 
firm attributes, that is, it is strongest in non-SOEs, non-HPCs, and 
eastern Chinese firms. These heterogeneities arise from several 
factors. First, from the ownership perspective, SOEs typically 
have rigid structures and slower adaptation rates, which can limit 
the effectiveness of DT initiatives in reducing emissions. By 
contrast, non-SOEs are more flexible and adapt quickly to new 
technologies, leading to more effective PER and CER (Yu et al., 
2022). Second, from the industry perspective, non-HPCs inher-
ently generate lower pollution levels and face less regulatory 
pressure compared with HPCs. Thus, DT-driven reductions in 
emissions appear more substantial in non-HPCs. This result con-
trasts with that of Lee et al. (2022), who argue that DTs might 
have a greater impact on high-polluting firms. Third, from the 
geography perspective, advanced technologies, such as smart 
urban transportation and IoT, drive digital industrialization and 
enable the effective digital monitoring of emitting enterprises in 
China’s eastern regions. These advancements optimize overall 
layouts and enhance the synergistic effects of PER and CER (Hu 
et al., 2023). Conversely, the underdeveloped economies and 
inadequate digital infrastructure in China’s central and western 
regions result in low DT adoption rates, thereby minimizing 
synergistic effects. This regional disparity aligns with the work of 
Bianchini et al. (2023), who find that regions with abundant DT 
resources in Europe experience stronger benefits from environ-
mental technologies.

Theoretical implications

First, this study enriches the NRBV by revealing how DT adoption 
generates a positive synergistic effect on PER and CER at the firm level. 
By empirically validating DTs as a strategic resource for addressing 
environmental challenges, our findings align with the NRBV’s emphasis 
on a firm’s ability to achieve and sustain competitive advantage through 
the development of environmentally sustainable resources that align 
with long-term growth objectives (Hart, 1995). Thus, this study ad-
vances the NRBV framework and provides new insights into the strategic 
role of DTs in corporate environmental management. Second, this study 
finds that CEOs with green management experience significantly 
enhance the positive impact of DTs on PER and CER. This conclusion 
contributes a new perspective to upper echelons theory by emphasizing 
the critical role of green leadership in leveraging DTs to promote sus-
tainability. Third, this study advances the theoretical understanding of 
how DT adoption indirectly drives environmental sustainability. The 
channel mechanism analysis demonstrates that DTs enhance the syner-
gistic effect on PER and CER by alleviating FCs and facilitating the role 
of CDOs. This finding underscores DTs’ multifaceted role in environ-
mental management, not only through direct technological advance-
ments but also by creating enabling organizational conditions for 
sustainable practices. These insights advance both the NRBV and upper 

echelons theory, thereby offering a more comprehensive framework for 
understanding the intersection of technology, leadership, and environ-
mental governance.

Practical implications

The findings of this study carry various implications for environ-
mental management and DT policy. 

i) For managers of corporations. First, our benchmark results suggest 
that businesses should improve their DT adoption to fully leverage its 
synergistic impact on both PER and CER. Managers should prioritize 
integrating DTs into business operations to drive positive environ-
mental and financial outcomes. Second, companies must recognize 
and encourage CEOs’ green management experience in environ-
mental and sustainable management. Our study finds that DTs’ 

synergistic effect on PER and CER may be significantly influenced by 
CEOs’ green competency. Therefore, managers should consider 
appointing CEOs with a background in green management to lead DT 
strategies. For instance, organizations might consider providing 
CEOs with specialized green training programs that enhance their 
ability to manage digital transformation effectively while addressing 
environmental challenges. Third, the creation of a CDO position 
within environmental management is recommended. The CDO 
functions as a key channel mechanism. Appointing a CDO 
strengthens the synergistic impact of DT on PER and CER. Fourth, the 
heterogeneity analysis urges firms in China’s central and western 
regions, SOEs, and HPCs to actively explore the environmental 
benefits of DTs. These firms should then develop and implement 
customized digital environmental strategies that align with their 
unique operational circumstances and developmental goals. This 
tailored approach will help them effectively utilize DTs to achieve 
the environmental dividend.

ii) For government agencies. Our findings carry the following implica-
tions. First, government departments should consider implementing 
policies that incentivize firms to adopt DTs, particularly those that 
enhance environmental sustainability. Second, because DTs indi-
rectly improve PER and CER by easing FCs, credit access should be 
expanded, with priority given to DT-adopting firms. Third, govern-
ment agencies should account for ownership structures, industry 
types, and geographic locations when assessing DTs’ synergistic 
impacts on PER and CER. Therefore, a crucial undertaking is to 
design targeted pollution control and carbon reduction measures 
specifically for SOEs, HPCs, and firms in central and western regions. 
By tailoring policies to address the unique challenges these groups 
face in adopting DTs for environmental management, governments 
can better support their transition to more sustainable practices. This 
approach will help ensure that DT adoption is both effective and 
aligned with regional and sectoral needs, consequently driving more 
meaningful environmental outcomes.

Limitations and future research

Despite its contributions, this study has several limitations that offer 
valuable opportunities for future research. First, while this study offers 
preliminary evidence on the role of DTs at the firm level in predicting 
PER and CER in the context of China, future research should replicate 
these results in developed economies and other emerging markets to 
strengthen generalizability. Doing so would help determine whether the 
observed effects hold across different economic and regulatory contexts. 
Second, this study examines the moderating influence of CEOs’ green 
experience; however, other potential moderators, such as the gender of 
the CEO (e.g., female CEOs) or the broader leadership structure, could 
provide valuable insights. Future research may explore these topics to 
help us understand the complexities of a digital revolution in environ-
mental management. Third, this study identifies the CDO role and FC as 
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the two main channels. However, other potential channels should also 
be explored, and they include environmental, social, and governance 
performance or green technology innovation. These elements will also 
be crucial in elucidating the mechanisms that connect DTs and envi-
ronmental consequences. Fourth, this study focuses on ownership, in-
dustry, and geographic heterogeneity; however, further research should 
probe how DTs operate through distinct mechanisms across different 
firm types. Finally, future research could explore the dynamic, nonlinear 
linkages between DTs and the PER–CER synergy. Investigating these 
relationships in a more nuanced, longitudinal context could reveal 
further insights into how the effects of DTs evolve over time and under 
varying conditions.

Conclusion

Drawing on the NRBV and upper echelons theory, this study employs 
a staggered DID model to empirically investigate the link between DT 
adoption and synergistic emissions reduction by using panel data from 
2962 Chinese A-share firms from 2010 to 2022. It also analyzes the 
moderating role of CEOs’ green experience. The results confirm that DT 
adoption drives the PER–CER synergy. Specifically, a 1 % increase in DT 
adoption boosts PER by 1.22 % and CER by 3.9 %. In particular, DT 
adoption facilitates the role of CDOs and alleviates firms’ FCs. 
Furthermore, CEOs’ green experience amplifies DTs’ synergistic emis-
sions reduction effects. The analysis also reveals variations in DTs’ 

impact based on ownership, pollution level, and geographic location. 
More pronounced effects are observed in non-SOEs, non-HPCs, and firms 
located in China’s eastern regions. These findings underscore DTs’ 

transformative role in environmental governance and provide action-
able insights for policymakers and practitioners committed to tackling 
global climate change.

Although this study is grounded in the Chinese institutional context, 

characterized by strong government-led digital transformation initia-
tives and environmental governance, the findings offer broader impli-
cations beyond China. The generalizability of the results may be 
influenced by cross-country differences in regulatory stringency, 
corporate governance structures, digital infrastructure maturity, envi-
ronmental disclosure requirements, and executive incentive mecha-
nisms. Therefore, caution should be exercised when applying these 
insights to other institutional settings. Nonetheless, the core conclusion 
that DTs can foster synergistic PER and CER at the firm level provides 
valuable guidance for other developing economies and transitional 
countries. In particular, the findings suggest that strengthening digital 
infrastructure, promoting green finance mechanisms, and enhancing 
environmental awareness among top executives can help unlock the 
environmental value of DTs. Future research could extend this frame-
work to multinational or institutionally diverse samples to further 
validate and refine its applicability, thereby contributing to the global 
conversation on corporate sustainability and climate policy.
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Appendix: Endogeneity concerns

(1) Propensity score matching (PSM) approach. PSM is applied to mitigate endogeneity from sample self-selection. Treated and control firms are 
paired using nearest-neighbor matching. The matching process includes all control, firm, and year dummy variables, with the sample data being 
matched on a 1:1 basis according to the DT treatment dummy variables. After performing PSM, the regression is re-estimated on the matched 
sample. As shown in Table A1, the core independent variable, DT did, remains significantly positive with respect to both PER and CER. These 
results match the benchmark regression, supporting our conclusions.
(2) Instrumental variable approach. Endogeneity from omitted variables is addressed using an instrumental variable strategy. The industry- 
average DT (DT iv) serves as an instrumental variable. Industry-level DT value is naturally linked to firm-level DT adoption, satisfying the rele-
vance requirement of the instrumental variable. In addition, as a macro indicator, it does not directly influence a firm’s PER and CER, thereby 
satisfying the instrumental variable exclusivity criterion. The two-stage least squares (2SLS) technique is applied to test the results. Table A2 shows 
the regression findings. The first-stage regression shows that DT iv is substantially linked to the core independent variable (DT did) at the 1 % level. 
Second-stage findings are shown in columns (2) and (3). DT positively affects PER and CER, and this effect is statistically significant at the 1 % 
level. Even after controlling for endogeneity bias, these results support our core regression analysis and the synergetic impact of DTs on PER and 
CER. Table A1 

Endogenous treatment I: Propensity score matching approach.
VARIABLES (1) (2)

PER CER
DT_did 0.0353*** 0.2357**
​ (3.61) (2.81)
Age 0.0108*** 0.1003
​ (3.29) (0.15)
Size 0.0047** 0.3983***
​ (2.38) (4.81)
Lev 0.0002 −0.7604
​ (0.04) (−1.75)
ROA 0.0780*** −1.0368
​ (4.46) (−0.61)
Net profit −0.0194** 0.3893
​ (−2.86) (0.59)
Cashflow 0.0049* 0.7135
​ (1.85) (1.12)

(continued on next page)
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Table A1 (continued )
VARIABLES (1) (2)

PER CER
Growth −0.0011 −0.2209*
​ (−0.71) (−2.13)
Constant 1.2333*** 2.6901
​ (29.98) (0.83)
Observations 999 999
R2 0.104 0.231
Number of firms 480 480
Firm YES YES
Year YES YES

Notes: ***p < 0.01, **p < 0.05, *p < 0.1. The t-statistics are in parentheses.

Table A2 
Endogenous treatment II: Instrumental variable–2SLS approach.

VARIABLES First stage 2SLS
(1) (2) (3)
DT_did PER CER

DT_iv 0.7054*** ​ ​
​ (12.38) ​ ​
DT_did ​ 0.0358*** 3.2661***
​ ​ (3.32) (9.40)
Age 0.2142*** 0.1887*** 0.1128***
​ (4.92) (75.83) (4.83)
Size 0.0311** 0.0061*** 0.8604***
​ (2.93) (13.09) (126.32)
Lev −0.1266*** −0.0172*** 0.6662***
​ (−3.37) (−8.92) (15.73)
ROA −0.0735*** −0.0108* 9.3941***
​ (−6.09) (−1.81) (41.21)
Net profit 0.0073 −0.0046* −3.7813***
​ (1.14) (−1.90) (−40.51)
Cashflow 0.0369** 0.0084*** 0.5013***
​ (2.58) (3.58) (4.70)
Growth −0.0091 0.0000 0.2496***
​ (−1.16) (0.02) (11.87)
Constant −0.9725** −10.9768*** −9.2341*
​ (−2.95) (−33.33) (−24.78)
Observations 23,064 22,758 23,064
R2 0.865 0.849 0.600
Number of firms 2962 2656 2962
Firm YES YES YES
Year YES YES YES

Notes: ***p < 0.01, **p < 0.05, *p < 0.1. The t-statistics are in parentheses.
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