
Academic Editor: Tehmina Khan

Received: 26 January 2026

Revised: 9 February 2026

Accepted: 16 February 2026

Published: 21 February 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Article

Making It Look Green: Big Data Analytics, External Pressure,
and Corporate Greenwashing
Huiwen Su 1,† and Sitong Li 2,*,†

1 School of Economics and Management, Fuzhou University, Fuzhou 350108, China
2 Renmin Business School, Renmin University of China, Beijing 100872, China
* Correspondence: lisitong323@ruc.edu.cn
† These authors contributed equally to this work.

Abstract

Digital technologies are widely viewed as important tools for enhancing corporate envi-
ronmental performance. However, there is growing recognition that their environmental
impacts are not uniformly positive and may even generate unintended negative consequences.
Drawing on institutional theory and impression management theory, we argue that big data
analytics (BDA) provides firms with powerful capabilities to strategically manage environ-
mental impressions in response to external pressures. Using panel data of Chinese listed firms
from 2012 to 2023, we provide empirical evidence that BDA significantly promotes corporate
greenwashing. Specifically, BDA facilitates greenwashing through the reinforcement of three
core dimensions of impression management: self-serving bias, symbolic management, and
accounting rhetoric. Moreover, by distinguishing between different types of external pres-
sures, our results show that constraint-based non-market pressures weaken the relationship
between BDA and greenwashing, whereas opportunity-based market pressures strengthen it.
Our study enriches the digitalization and corporate environmental performance literature by
revealing the dark side of digital technologies and offering a more nuanced understanding of
how specific technologies shape corporate environmental misconduct.

Keywords: big data analytics; corporate greenwashing; environmental performance; insti-
tutional theory; impression management theory

1. Introduction
Environmental sustainability has become a critical concern for both companies and

society, as climate change, resource scarcity, and ecological degradation intensify. Faced
with mounting environmental pressure from regulators, investors, and the public, and
enabled by the rapid advancement of digital technologies, many firms have adopted big
data analytics (BDA) to achieve and demonstrate sustainability goals. Firms leverage the
vast amounts of environmental data generated by modern sensors, Internet-of-Things
devices, and supply-chain databases to optimize energy use, reduce emissions, and track
resource consumption. This data-driven approach is widely hailed in the literature as a
route to greater transparency and accountability in sustainability efforts.

Existing research generally suggests that big data analytics (BDA) plays a positive role
in environmental disclosure by reducing information asymmetry and limiting corporate
greenwashing. They argue that BDA helps firms anticipate and address stakeholder concerns,
thereby improving the relevance of environmental governance [1]. It also facilitates large-scale
data processing and dissemination, which reduces external information gaps [2] and expands
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disclosure channels to make environmental performance more transparent [3–5]. In addition,
it provides more comprehensive non-financial information and supports sustainability man-
agement across the product life cycle [6,7]. Overall, scholars emphasize the potential of BDA
to improve the quality of environmental disclosure and curb greenwashing.

However, this positive view overlooks a hidden risk: the very capabilities of BDA
can also be used for strategic impression management. Corporate practices provide clear
examples of this issue. For instance, British Petroleum has been criticized for using digital
campaigns to showcase renewable energy projects while simultaneously expanding fossil
fuel operations. Similarly, Shell promoted a green image through selective data visuals
and messages, prompting UK regulators to ban some of its advertisements as misleading.
Beyond company cases, the European Securities and Markets Authority (ESMA) has
warned that digital tools and data visualization in ESG disclosures can be misused to
create misleading “green” impressions. Scholars further note that big data can be applied
to data commodification and manipulation, raising privacy, ethical, and environmental
risks [8,9]. Taken together, these insights show that in practice, BDA can sometimes facilitate
greenwashing rather than prevent it.

This contradictory situation raises some critical questions: Why might BDA enable
greenwashing instead of reducing it? Under what conditions do firms use big data to
manage impressions rather than achieve real environmental progress? And in what ways
do they apply BDA to carry out greenwashing?

Previous research explains firms’ digital greenwashing through the fraud triangle,
where pressure is viewed as an internal factor, such as financial distress [10]. In contrast,
we argue from an institutional perspective that pressure is largely external: firms face
legitimacy demands from regulators, investors, media, and the public. These external
pressures do not always result in substantive environmental improvements but often lead
to symbolic actions and ceremonial disclosure. Impression management theory further
explains how firms operationalize such behavior, as BDA enables selective disclosure,
symbolic amplification, and rhetorical framing, allowing companies to present a favorable
green image while concealing inconvenient facts.

While digital transformation encompasses a broad set of technologies, we focus specif-
ically on big data analytics for two reasons. First, from a motivation perspective, in a
data-driven governance environment, firms increasingly rely on data-based indicators
to showcase sustainability achievements. BDA provides flexible tools to filter, quantify,
and highlight favorable information, making it particularly suited for amplifying “se-
lective green signals” when managers intend to shape perceptions rather than improve
performance. Second, the underlying logic of BDA aligns closely with the mechanisms of
greenwashing: both involve collecting, selecting, analyzing, and presenting information to
influence stakeholder perceptions. Other digital technologies, such as artificial intelligence,
blockchain, the Internet of Things, and cloud computing, focus mainly on operational
automation, transparency, operational efficiency, or infrastructure capacity. These functions
are less about selective information framing and therefore have a weaker connection to
greenwashing practices. This unique alignment makes BDA a theoretically and empirically
salient lens for examining the digital drivers of corporate greenwashing.

We chose Chinese firms as our research setting for the following reasons. First, the
Chinese government strongly promotes big data applications, including establishing big
data pilot zones across cities and implementing policies to encourage firms to adopt BDA
and unlock data value [11–15]. Second, China has introduced a series of environmental
protection and CSR regulations, accompanied by penalties for non-compliance, which raise
expectations on firms’ environmental performance [16–19]. In this context, firms may use
BDA to selectively disclose environmental information to gain legitimacy [20,21]. Thus,
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China provides a unique empirical setting where external institutional pressures and digital
opportunities interact, potentially driving BDA-enabled greenwashing.

This study makes several contributions to the literature on digitalization and corporate
environmental performance. First, it reveals a previously overlooked downside of big data
in environmental performance by showing that BDA can facilitate, rather than reduce,
corporate deception. We provide empirical evidence of the negative effects of BDA. In
doing so, we challenge the common assumption that more data always leads to better
outcomes. Second, this study extends prior research on digitalization and environmental
performance by shifting the focus from broad digital transformation to a specific digital
technology—big data analytics. Unlike Jia et al. (2025) [10], who examine the overall effect
of corporate digital transformation on greenwashing, we are among the first to investigate
the potential negative impact of BDA on greenwashing. This more fine-grained focus
provides a more detailed understanding of how firms leverage BDA in environmental
disclosure to shape external perceptions. Third, drawing on institutional theory, this
study advances understanding of the motivations behind BDA-enabled greenwashing
by highlighting the role of external pressures. We distinguish between constraint-based
non-market pressures and opportunity-based market pressures and show that they have
asymmetric effects on firms’ use of BDA for greenwashing. By integrating external pressure
into the analysis of BDA and greenwashing, this study offers a more nuanced explanation
of when and why firms strategically deploy big data analytics in environmental disclosure.

2. Theoretical Background
2.1. Big Data Analytics

Big data analytics (BDA) is defined as the application of multiple analytic methods that
address the diversity of big data to provide actionable descriptive, predictive, and prescriptive
results [22–25]. BDA revolves around three main characteristics: the data itself, the analytics
applied to the data, and the presentation of results in a way that allows the creation of business
value. The literature highlights the positive impact of BDA on firms’ decision making [26–28],
information disclosure [2,3] and environment performance [4,5,29].

However, BDA also comes with potential negative side effects. In information dis-
closure, the complexity of BDA can create opacity, as algorithms and data sources remain
“black boxes” and managers may selectively release favorable data. Within organizations,
the complexity of data may foster knowledge hiding among analysts, reducing knowledge
sharing and effectiveness [30]. BDA may also cause information overload and overreliance
on data, weakening managerial judgment and experience-based insights [8,9]. As a result,
when examining the role of BDA in the environmental performance domain, we must also
account for its possible drawbacks. Thus, we explore the potential negative consequences
of BDA when companies are prone to shirking their social responsibilities.

2.2. Corporate Greenwashing

Corporate greenwashing refers to the selective disclosure of positive environmental
or social information while withholding negative aspects, creating an overly positive
image [31]. It can be seen as the intersection of two behaviors: poor environmental
performance and positive communication. From the perspective of institutional theory,
organizations are rewarded for maintaining legitimacy [32–34]. Under strong societal
attention to the environment, firms may adopt greenwashing as a strategic response to
external institutional pressures. This practice allows them to symbolically comply with
stakeholder expectations and social norms without making substantive operational changes,
thereby securing legitimacy, resources, and competitive advantage in environments that
value environmental responsibility.
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Prior research has identified several drivers of corporate greenwashing: non-market
external factors such as regulation and media monitoring [35,36], market external drivers
such as investor demand and competition [37], organizational drivers such as firm char-
acteristics, incentive structure and culture [38,39], and managers’ individual drivers [40].
Some scholars also note that digital technologies can act as drivers of greenwashing [10].
Building on this discussion, we take a different perspective: rather than treating digital
technologies as direct drivers, we see external institutional pressures as the key drivers. We
position BDA not as a cause but as a means through which firms, facing different external
pressures, strategically engage in greenwashing.

2.3. Impression Management Theory

Impression management theory originates from social psychology and focuses on how
individuals regulate and control the information they present in order to be perceived favor-
ably by others [41,42]. At the organizational level, it explains how firms strategically influence
public perceptions through communication, disclosure, and behavior to gain legitimacy,
strengthen competitive advantage, and gain access to external resources [33,43,44].

Merkl-Davies & Brennan (2011) [45] identify three common modes of impression man-
agement. Self-serving bias refers to managers’ tendency to highlight favorable outcomes
while attributing negative results to external conditions. Symbolic management involves
ceremonial actions, such as CSR reporting or environmental pledges, which signal responsi-
bility without leading to substantive change. Accounting rhetoric uses technical language,
indicators, and rational arguments to present decisions as objective and legitimate, thereby
reducing external skepticism. Through these three modes, firms can shape perceptions of
environmental responsibility and engage in greenwashing.

Building on this foundation, we use impression management theory to explain how
firms employ BDA for greenwashing. Specifically, BDA can reinforce these three modes
of impression management, making it a powerful tool for firms to construct favorable
environmental images without substantive change.

3. Hypothesis Development
3.1. Effect of Big Data Analytics on Corporate Greenwashing

As environmental issues receive growing public attention, firms under external pres-
sure increasingly adopt impression management to shape a positive image of environmental
responsibility. By leveraging BDA, they can strategically select, process, and visualize envi-
ronmental information to construct sustainability narratives that align with stakeholder
expectations. Importantly, BDA reduces the marginal cost of greenwashing by enabling
automated data processing, repeated narrative generation, and scalable customization
of disclosures at relatively low incremental effort. This creates information asymmetry,
enabling firms to meet external demands symbolically while avoiding substantive changes.
Specifically, BDA reinforces the three modes of impression management, making it a
powerful tool for greenwashing.

Self-serving bias: By efficiently filtering environmental data, firms can use BDA
to exclude unfavorable information and highlight data that supports a green narrative.
Natural Language Processing (NLP)-based sentiment analysis tools can automatically
generate texts with a positive tone and favorable bias, portraying management as competent
and responsible. Since tone and readability play a key role in report persuasiveness [46,47],
BDA serves as an effective tool in optimizing these attributes. Thus, firms achieve “selective
transparency” by manipulating disclosure within the bounds of legitimacy, misleading the
public without engaging in outright deception.

https://doi.org/10.3390/su18042121

https://doi.org/10.3390/su18042121


Sustainability 2026, 18, 2121 5 of 21

Symbolic management: BDA enhances symbolic management by enabling faster
adaptation and response. Through web scraping and social media sentiment analysis,
firms can identify real-time public concerns and regulatory trends [1,48,49], allowing
them to quickly issue responsive green statements. Furthermore, semantic analysis and
keyword extraction techniques help generate professionalized CSR reports that align with
mainstream expectations and increase perceived credibility [50]. In this way, BDA supports
the construction of a green image that is more symbolic than substantive.

Accounting rhetoric: BDA’s powerful modeling and visualization capabilities allow
firms to build complex scenario simulations and performance forecasts that present op-
timistic environmental progress, such as high future electrification rates, while omitting
hidden environmental costs [51,52]. BDA also facilitates the generation of complex charts
and technical language that convey scientific authority. By framing data as truth, firms
create an illusion of objectivity and reinforce their legitimacy through algorithmic modeling,
thereby giving rise to a new form of BDA-enabled greenwashing.

In summary, BDA not only strengthens traditional impression management techniques
but also transforms greenwashing into a more technological form. It shifts disclosure
practices from manual manipulation to algorithmic automation, making them more scalable,
adaptive, and continuous. By using real-time monitoring, text engineering, and model-
based projections, firms can construct green narratives, manage regulatory scrutiny, and
increase persuasiveness by exploiting stakeholders’ limited technical knowledge. In this
context, we propose the following hypothesis:

H1. BDA has a positive effect on corporate greenwashing.

3.2. Moderating Role of Different External Pressures

From the perspective of institutional theory, firms facing external legitimacy pressures
evaluate the risks and benefits of disclosing environmental information and may strate-
gically use BDA in their reporting. However, external pressures are not homogeneous.
According to Delmas& Burbano (2011) [40], we distinguish them into non-market and
market external pressures.

Although both types of pressures influence firms’ environmental disclosure, their un-
derlying mechanisms differ fundamentally. Non-market pressures are rooted in a constraint-
based institutional logic that emphasizes rule adherence, accountability, and the avoidance
of sanctions. Under this logic, deviations from substantive environmental performance
significantly increase the likelihood of detection and punishment. The expected benefits of
using BDA for greenwashing are substantially reduced or even become negative, thereby
limiting firms’ room for greenwashing. In contrast, market pressures follow an opportunity-
based institutional logic, in which legitimacy is derived more from value creation, investor
recognition, and firms’ ability to secure external resources. Within this logic, the expected
benefits of BDA-enabled greenwashing are amplified, giving firms greater discretion and
stronger incentives to strategically use BDA for symbolic environmental disclosure. As
a result, different types of external pressures shape firms’ use of BDA through distinct
institutional logics, leading to opposite moderating effects on the relationship between
BDA capability and corporate greenwashing.

3.2.1. Impact of Non-Market External Pressure

Non-market external pressures are reflected in institutional regulations and social
oversight, such as government environmental policies and media exposure. These non-
market pressures are constraint-based and operate through a punishment logic: violations
may result in legal liability, administrative penalties, or reputational damage [53,54]. Under
such conditions, the likelihood of improper disclosure being detected is higher, and once
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identified, firms face severe sanctions. As a result, firms are more inclined to pursue
substantive improvements or adopt more cautious disclosure practices.

From an institutional perspective, non-market pressures reduce firms’ ability to decou-
ple symbolic disclosure from actual environmental performance. This constraining effect
operates through two interrelated mechanisms. First, regulatory enforcement decreases
the expected benefit of greenwashing. Stricter environmental regulations, mandatory
disclosure requirements, and enhanced auditing systems raise the likelihood that oppor-
tunistic BDA-driven disclosure will be scrutinized and sanctioned. Once detected, firms
face administrative penalties and legal consequences, making symbolic manipulation of
environmental data less sustainable. Second, media scrutiny reinforces normative account-
ability by expanding the scope of legitimacy evaluation beyond regulators to the broader
public. Investigative journalism, social media monitoring, and third-party ESG rating
platforms increase transparency and facilitate comparisons between firms’ environmental
claims and observable outcomes. Such exposure not only damages corporate legitimacy
but may also trigger intensified regulatory intervention, creating a reinforcing cycle of
monitoring and punishment.

This institutional logic is particularly salient in pollution-intensive industries such
as chemicals, steel, or thermal power generation. Firms in these sectors operate under
heightened regulatory scrutiny and persistent media attention, which significantly narrows
the space for symbolic compliance. Even when firms possess advanced BDA capabilities,
attempts to strategically frame environmental data are more likely to be challenged by
regulators or uncovered by the media. Consequently, BDA is less effective as a tool
for greenwashing, and firms tend to adopt conservative disclosure strategies or pursue
substantive environmental improvements.

In sum, under strong non-market external pressures, legitimacy is contingent upon
demonstrable compliance rather than persuasive narratives. Firms therefore recognize
that BDA-based greenwashing is both more detectable and less profitable, weakening the
positive association between BDA capability and corporate greenwashing. Accordingly, we
propose the following hypothesis:

H2. Non-market external pressures (government environmental regulation and media coverage)
negatively moderate the relationship between BDA capability and corporate greenwashing.

3.2.2. Impact of Market External Pressure

Market external pressures stem from the expectations and preferences of key market
actors, such as institutional investors, securities analysts, and major customers [55,56]. From
an institutional theory perspective, these pressures are fundamentally opportunity-based,
reflecting a market-oriented logic in which legitimacy is granted through favorable evaluations
by capital market audiences rather than formal enforcement. The core mechanism is reward
rather than punishment: firms that appear environmentally responsible may gain tangible
benefits such as lower capital costs, higher investment ratings, or larger market share [57].

In such institutional environments, legitimacy judgments rely heavily on disclosed
information and comparative signals rather than the direct observation of environmental
performance. As a result, firms face incentives to engage in symbolic conformity, aligning
their disclosures with dominant ESG templates and expectations while decoupling disclo-
sure from underlying practices. BDA plays a critical role in enabling this decoupling by
enhancing firms’ capacity to construct sophisticated, data-driven environmental narratives.

At the motivation level, institutional investors reward environmentally responsible firms
through capital allocation, lower financing costs, and governance support. Analysts dissemi-
nate ESG-related information to the market, and positive analyst evaluations can amplify a
firm’s responsible image and generate favorable market reactions. Positive evaluations from
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these actors can substantially enhance a firm’s market legitimacy. To secure such legitimacy,
firms are motivated to leverage BDA to increase the apparent precision, consistency, and
credibility of their environmental disclosures [58–60]. At the action level, BDA enables firms
to mine large datasets, selectively emphasize indicators prioritized by market audiences, and
produce structured ESG reports aligned with prevailing benchmarks and rating methodolo-
gies [56,57]. Through advanced analytics and visualization, firms can frame environmental
performance in ways that resonate with investors and analysts. In this sense, BDA increases
the expected benefit of symbolic compliance and expands firms’ capacity for greenwashing.

This dynamic is particularly evident in highly marketized sectors such as technology,
consumer goods, and service industries, where firms are subject to intensive analyst cov-
erage and high institutional ownership but relatively weaker environmental regulation.
In these contexts, environmental legitimacy is primarily evaluated by capital market au-
diences. Firms often employ BDA to generate detailed sustainability dashboards, carbon
metrics, and forward-looking environmental scenarios aimed at investors, thereby reinforc-
ing symbolic legitimacy without necessarily altering underlying environmental practices.

Therefore, under strong market external pressures, the institutional environment
rewards symbolic disclosure and provides fertile ground for BDA-enabled greenwashing.
Accordingly, we propose the following hypothesis:

H3. Market external pressures (institutional ownership and analyst attention) positively moderate
the relationship between BDA capability and corporate greenwashing.

The theoretical framework is shown in Figure 1.

Figure 1. Theoretical Framework.

4. Methodology
4.1. Data and Sample

This study is based on panel data of Chinese A-share listed firms from 2012 to 2023.
The data are drawn from the China Stock Market and Accounting Research Database
(CSMAR) and the Chinese Research Data Service Platform (CNRDS), both of which pro-
vide comprehensive and reliable information on firms’ financial performance, ownership
structure, top management teams, and other key indicators. These databases are widely
recognized and extensively used in research on Chinese listed companies. The annual
reports are sourced from CNINFO, the official disclosure platform designated by the China
Securities Regulatory Commission (CSRC), which provides authoritative information ser-
vices for listed companies. After excluding firms under special treatment (ST) and those
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with substantial missing values, the final sample consists of around 5500 firms, yielding
approximately 41,000 firm-year observations.

4.2. Measurement of the Variables
4.2.1. Independent Variable

The key independent variable in this study is firms’ Big Data Analytics (BDA). Follow-
ing prior approaches to measuring digital transformation [61,62], we use Python (version
3.7.0) for textual analysis of annual reports to construct a proxy for BDA.

To systematically construct a keyword list for BDA, we adopted the following steps
to ensure objectivity and comprehensiveness. First, we selected four core terms, namely
“information,” “network,” “digital,” and “data,” as seed words and used key national-level
data policies and regulatory documents in China as the main corpus, including the Action
Plan for Promoting Big Data Development, the 14th Five-Year Plan for Big Data Industry
Development, the Data Security Law, the Cybersecurity Law, and annual reports issued
by the Ministry of Industry and Information Technology. Second, we trained a Word2Vec
model on this corpus to automatically expand the word set based on semantic similarity,
generating a broad list of terms related to the seed words. Third, we carefully reviewed
the expanded keyword set by cross-referencing policy documents and existing literature,
removing overly general or ambiguous terms, and ultimately producing a standardized
keyword list of over 200 terms that accurately represent big data technologies, applications,
and analytics capabilities.

Based on this keyword list, we collected firms’ annual reports from 2012 to 2023
from CNINFO, the information disclosure platform designated by the China Securities
Regulatory Commission (CSRC) for listed companies, and extracted the Management
Discussion and Analysis (MD&A) sections. Finally, using machine learning algorithms, we
calculate the frequency of BDA-related keywords in each firm’s annual report for each year,
which serves as a measure of the firm’s BDA capability.

4.2.2. Dependent Variable

Following prior studies, we measure corporate greenwashing as the difference between
symbolic efforts (Sym) and substantive efforts (Sub). Sub refers to substantial environmental
actions, such as the allocation of resources, equipment, and technologies to achieve green
performance. Sym, in contrast, captures symbolic initiatives aimed at enhancing a firm’s
green reputation and legitimacy.

Drawing on Jia et al. (2025) [10], we obtain disclosure data for Sym and Sub from
the CSMAR database. Specifically, CSMAR provides standardized disclosure indicators
for each sub-index, which allow for consistent comparisons of disclosure practices across
firms. The detailed measurement of Sub, Sym, and greenwashing is presented in Table 1.
Specifically, Sub is measured as a weighted index of firms’ environmental governance
and operational practices. Sym captures firms’ symbolic environmental activities and
reputational claims. We deduct negative signals from Sym to better capture the net effect of
symbolic efforts as perceived by external audiences. Positive signals, such as environmental
statements or honors, enhance a firm’s green image, but negative events, such as regulatory
penalties and environmental violations, can substantially undermine symbolic initiatives.
Combining positive and negative signals into a net measure aligns with impression man-
agement theory, which posits that corporate image is shaped by the dynamic interplay of
favorable and unfavorable information. In practice, a company promoting “green visions”
while being penalized or exposed for violations sees its symbolic effectiveness diminished;
deducting negative signals reflects this real-world perception more accurately.
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Table 1. Measurement of Greenwashing.

Category Indicator Definition Scoring Rule

Substantive
efforts (Sub)

Sub1 governance of exhaust emissions control

Quantitative and qualitive
descriptions: 2;

Only qualitive descriptions: 1;
Not disclosed: 0

Sub2 emissions of exhaust
Sub3 governance of wastewater discharge reduction
Sub4 wastewater discharge
Sub5 governance of dust and smoke control
Sub6 smoke and dust emissions
Sub7 utilization and disposal of solid waste
Sub8 industrial solid waste emissions
Sub9 governance of noise, light pollution, radiation

Sub10 clean production implementation

Sub11 environmental management system

Disclosed: 1;
Not disclosed: 0

Sub12 environmental education and training
Sub13 environmental special actions
Sub14 environmental emergency response mechanisms
Sub15 “three simultaneous” systems

Symbolic efforts
(Sym)

Sym1 environmental protection concepts

Disclosed: 1;
Not disclosed: 0

Sym2 environmental protection goals
Sym3 environmental protection honors or awards
Sym4 sudden environmental incidents
Sym5 environmental violations
Sym6 environmental petitions
Sym7 key pollution monitoring units

Sub = Sub1 × Sub2 + Sub3 × Sub4 + Sub5 × Sub6 + Sub7 × Sub8 + Sub9 + Sub10 + Sub11 + Sub12 + Sub13 + Sub14 +
Sub15

Sym = Sum1 + Sum2 + Sym3 − (Sym4 + Sym5 + Sym6 + Sym7)
GW = Z-score (Sym) − Z-score (Sub)

Finally, the degree of greenwashing is calculated as the standardized difference between
symbolic and substantive efforts. A higher GW score reflects greater reliance on symbolic
rather than substantive environmental efforts, indicating a higher degree of greenwashing.

4.2.3. Moderating Variables

We employ two types of moderating variables. For non-market external pressures,
we use the frequency of environmental keywords in municipal government work reports,
which are sourced from city government websites, to capture government environmental
regulation. These keywords include “low-carbon,” “environmental protection,” “green,”
“pollution,” “emission reduction,” “energy consumption,” “PM2.5,” “PM10,” “chemical
oxygen demand,” “carbon dioxide,” “sulfur dioxide,” “ecological,” and “discharge,” among
others. We use the number of times a firm is covered by mainstream media within a year to
measure media coverage. For market external pressures, we use the shareholding ratio of
institutional investors as a proxy for institutional ownership, where institutional investors
include mutual funds, banks, qualified foreign institutional investors, insurance companies,
brokers, securities funds, trust funds, financial firms, and other investment institutions.
Analyst attention is measured by the number of analysts and analyst teams tracking a firm
within a year. All firm-level moderating variables are obtained from the CSMAR database.

4.2.4. Control Variables

Following prior studies, we include a set of control variables that may affect firms’
BDA and greenwashing. These include firm age (number of years since establishment),
firm size (natural logarithm of total assets), revenue (natural logarithm of total operating
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income), leverage (ratio of total debt to total assets), profitability (return on total assets,
ROA), fixed asset ratio, board size (number of directors on the board), female director
(number of female directors on the board), and growth opportunities (Tobin’s Q).

Table 2 provides the definitions of all variables used in this study.

Table 2. Definitions of Variable.

Variable Definitions

GW The difference between substantive efforts and symbolic efforts
BDA The logarithm of the frequency of big data–related keywords in annual reports
Age The difference between the current year and the firm’s founding year
Size The logarithm of total assets

Income The logarithm of total operating income
ROA Return on total assets

Fixed Assets Ratio of fixed assets
Leverage The ratio of total debt to total assets

Board Size The number of directors on the board
Female Director The number of female directors on the board

Tobin’s Q degree of Tobin’s Q

Regulation The logarithm of the frequency of environmental keywords in the government
work report of the city where the firm is located

Media The logarithm of the number of times the firm is reported by mainstream media in
a given year

Institution The proportion of shares held by institutional investors
Analyst The logarithm of the number of analysts covering the firm in a given year

4.3. Empirical Strategy

To test the proposed hypotheses, we estimate the following models:

GWit = α + βBDAit + γXit + ei + et + εit (1)

GWit = α + βBDAit + δMit × BDAit + ρMit + γXit + ei + et + εit (2)

where GWit represents the greenwashing level of firm i in year t, BDAit refers to the big data
analytics capability of firm i in year t, Xit denotes a set of control variables included in the
model, ei and et capture firm and year fixed effects, and εit is the error term. Model 1 serves
as the baseline specification to test Hypothesis 1. Model 2 incorporates moderating effects
to test Hypotheses 2 and 3, where Mit represents the moderators, including government
environmental regulation, media coverage, institutional ownership, and analyst attention.

5. Results
5.1. Descriptive Statistics and Correlations

The descriptive statistics and correlation analysis of the variables are presented in
Table 3. The correlation matrix shows that most variables are significantly correlated at
conventional levels. Notably, BDA is positively associated with GW (coefficient = 0.136,
p < 0.01), providing preliminary evidence in line with Hypothesis 1. We further conduct
a variance inflation factor (VIF) test to examine potential multicollinearity. The results
indicate that all VIF values are well below the threshold of 10 (the highest being 2.55 for
firm size), suggesting that multicollinearity is not a concern in our models. Table 3 also
reports the minimum, maximum, mean, and standard deviation of each variable, which
are consistent with findings from prior studies [10].
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Table 3. Descriptive Statistics and Correlations.

GW BDA Regulation Media Institution Analyst Age Size ROA Fixed
Assets Leverage Board

Size
Female
Director Tobin’s Q

GW 1
BDA 0.136 *** 1

Regulation −0.011 ** 0.026 *** 1
Media 0.009 * 0.011 ** −0.006 1

Institution −0.004 −0.138
*** 0.002 0.056 *** 1

Analyst 0.022 *** 0.053 *** 0.029 *** 0.294 *** 0.247 *** 1

Age −0.076
***

−0.026
*** 0.013 *** −0.081

*** 0.065 *** −0.142
*** 1

Size 0.008 −0.026
*** 0.027 *** 0.216 *** 0.435 *** 0.386 *** 0.218 *** 1

ROA −0.026
***

−0.074
*** 0.011 ** 0.046 *** 0.099 *** 0.332 *** −0.106

***
−0.020

*** 1

Fixed
Assets

−0.213
***

−0.292
***

−0.033
*** −0.005 0.100 *** −0.015

***
−0.014

*** 0.030 *** −0.040
*** 1

Leverage 0.050 *** −0.089
*** 0.006 0.127 *** 0.202 *** 0.023 *** 0.194 *** 0.539 *** −0.368

*** 0.037 *** 1

Board
Size 0.025 *** −0.028

*** 0.013 *** 0.068 *** 0.214 *** 0.085 *** 0.096 *** 0.306 *** −0.058
*** 0.071 *** 0.208 *** 1

Female
Director 0.038 *** 0.102 *** 0.023 *** 0.020 *** −0.051

*** 0.017 *** 0.032 *** −0.054
*** 0.021 *** −0.107

***
−0.064

***
−0.026

*** 1

Tobin’s Q 0.021 *** 0.057 *** 0.002 0.135 *** −0.068
*** 0.086 *** −0.054

***
−0.377

*** 0.095 *** −0.074
***

−0.241
***

−0.099
*** 0.035 *** 1

min −3.519 1.792 2.773 0.693 0.003 0 7 19.751 −0.278 0.002 0.053 5 0 0.834
max 2.524 5.746 4.625 6.686 0.929 3.761 36 27.194 0.198 0.675 0.932 17 4 8.549

mean −0.046 3.249 3.841 4.305 0.432 1.308 19.415 22.269 0.034 0.196 0.422 9.278 1.063 1.998
SD 1.189 0.708 0.345 1.067 0.25 1.176 6.108 1.437 0.067 0.155 0.214 2.375 1.018 1.295
VIF - 1.15 1 1.19 1.33 1.61 1.15 2.55 1.40 1.12 1.74 1.10 1.03 1.36

Note: *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively.
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5.2. Baseline Results

Table 4 presents the baseline regression results. Column (1) reports the specification
with only the key independent variable BDA and the dependent variable GW. Column (2)
adds firm and year fixed effects. Column (3) includes control variables, and column (4)
includes both control variables and fixed effects. Across all columns, the coefficient of BDA
remains significantly positive at the 1% level (0.103, p < 0.01 in column 2; 0.095, p < 0.01
in column 4). The magnitude of the coefficients changes only slightly after introducing
control variables and fixed effects, suggesting that the positive association between BDA
and greenwashing is not driven by omitted firm characteristics. These findings provide
empirical support for Hypothesis 1, which posits that firms’ big data analytics capabilities
facilitate greenwashing.

Table 4. Baseline Results.

DV:GW (1) (2) (3) (4)

BDA 0.225 *** 0.103 *** 0.143 *** 0.095 ***
(0.007) (0.021) (0.007) (0.021)

Age −0.017 *** −0.004
(0.001) (0.023)

Size −0.003 0.028
(0.005) (0.020)

ROA 0.013 −0.405 ***
(0.035) (0.111)

Fixed Assets −1.481 *** −0.179 *
(0.042) (0.098)

Leverage 0.440 *** 0.038
(0.031) (0.069)

Board Size 0.020 *** 0.005
(0.003) (0.003)

Female
Director 0.021 *** −0.009

(0.006) (0.010)
Tobin Q 0.002 0.000

(0.002) (0.007)
Fixed Effects NO YES NO YES
Observations 42,731 42,731 41,524 41,524

R2 0.018 0.063 0.064 0.064
Note: Robust standard errors are reported in parentheses. * and *** denote significance at the 10% and 1% levels,
respectively.

Table 5 reports the regression results on the moderating effects. Column (1) presents
the model with the interaction term between government environmental regulation and
BDA. The coefficient of the interaction term is significantly negative (coefficient = −0.044,
p < 0.1), indicating that stricter government oversight attenuates the positive effect of BDA
on greenwashing. Similarly, Column (2) introduces the interaction between media coverage
and BDA, and the coefficient is also significantly negative (coefficient = −0.044, p < 0.01).
These results imply that non-market pressures, including environmental regulation and
media coverage, restrict firms’ use of advanced data technologies for opportunistic green-
washing purposes, and provide evidence for Hypothesis 2. Columns (3) and (4) test the
moderating roles of market pressures. Column (3) incorporates the interaction between
institutional ownership and BDA, while Column (4) introduces the interaction between
analyst attention and BDA. Both coefficients are significantly positive (coefficient = 0.170,
p < 0.001; coefficient = 0.019, p < 0.05). These findings provide support for Hypothesis 3:
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market pressures (institutional ownership and analyst attention) strengthen the effect of
BDA on greenwashing.

Table 5. Moderating results.

DV:GW (1) (2) (3) (4)

BDA 0.096 *** 0.089 *** 0.094 *** 0.101 ***
(0.021) (0.021) (0.021) (0.021)

Regulation × BDA −0.044 *
(0.024)

Regulation −0.046 **
(0.022)

Media × BDA −0.044 ***
(0.009)

Media −0.024 ***
(0.009)

Institution × BDA 0.170 ***
(0.063)

Institution −0.020
(0.083)

Analyst × BDA 0.019 **
(0.010)

Analyst −0.040 ***
(0.010)

Control Variables YES YES YES YES
Fixed Effects YES YES YES YES
Observations 41,424 40,125 41,524 41,354

R2 0.064 0.070 0.065 0.066
Note: Robust standard errors are reported in parentheses. *, **, and *** denote significance at the 10%, 5%, and 1%
levels, respectively.

5.3. Robustness Tests

We conducted several tests to verify the robustness of the baseline regression results.
First, we use the alternative measures of both the independent and dependent variables
to check the consistency of the findings. Second, we applied an instrumental variable
approach to address potential endogeneity issues in the regression model.

On the dependent variable side, following Hu et al. (2023) [63], we construct a
greenwashing dummy variable. The dummy equals 1 if the number of keywords such as
“green,” “environmental protection,” or “low carbon” in the annual report is above the
median and the firm receives an environmental punishment in the same year; otherwise,
it equals 0. Second, following Zhang (2023) [64], we construct GW_diver, defined as
the divergence between firms’ Bloomberg ESG ratings and Huazheng ESG ratings. A
larger divergence reflects greater inconsistency in external ESG assessments and thus
indicates a higher likelihood of symbolic or opportunistic environmental disclosure. Third,
we develop a tone-based proxy of greenwashing, denoted as GW_tone. Specifically, we
measure the positivity of environmental tone in firms’ social responsibility reports and
compute the standardized difference between positive environmental tone and substantive
environmental actions measured by Sub. A higher value of GW_tone indicates a greater
gap between rhetorical environmental claims and actual environmental performance, and
thus a higher degree of greenwashing. We then re-estimate the baseline regression using
these alternative dependent variables. As reported in Columns (1)–(3) of Table 6, the
coefficient of BDA remains positive and statistically significant at the 1% level across all
three specifications.
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Table 6. Robustness test: Alternative proxy for Key Variables.

Model (1) (2) (3) (4) (5) (6)
DV GW_dum GW_diver GW_tone GW GW GW

BDA 0.270 *** 0.269 *** 0.253 ***
(0.071) (0.056) (0.054)

BDA_ratio 0.466 ***
(0.068)

BDA_patent 0.215 ***
(0.009)

BDA_assets 0.406 ***
(0.052)

Control
Variables YES YES YES YES YES YES

Fixed Effects YES YES YES YES YES YES
Observations 20,340 9192 10,807 41,524 41,642 33,264

R2 - 0.014 0.174 0.065 0.098 0.058
Note: Robust standard errors are reported in parentheses. *** denotes significance at the 1% level.

On the independent variable side, we employ three alternative proxies to capture dif-
ferent dimensions of firms’ big data analytics. First, we use the proportion of BDA-related
keywords in firms’ annual reports, which serves as an alternative text-based indicator of
BDA intensity. Second, we construct a patent-based proxy, BDA_patent, measured as the
number of firm-year patent applications related to key digital technologies: artificial intelli-
gence, high-end chips, quantum information, the Internet of Things, blockchain, industrial
internet, and metaverse technologies. Third, we employ an asset-based proxy, BDA_asset,
defined as the proportion of digital-related intangible assets, such as software, networks,
client terminals, management systems, and digital platforms, in total intangible assets.
Taken together, BDA_patent and BDA_asset reflect firms’ digital technology intensity and
digital infrastructure and asset base, respectively, both of which facilitate firms’ ability to
collect, process, and analyze large volumes of data and thereby support the adoption and
use of big data analytics.

As reported in Columns (4)–(6) of Table 6, the estimated coefficients on BDA_ratio,
BDA_patent, and BDA_asset are all positive and statistically significant at the 1% level.
These findings are consistent with the baseline results, suggesting that our estimates
are robust.

A potential endogeneity concern arises because big data analytics (BDA) can be both
a driver and a consequence of corporate greenwashing. On the one hand, BDA provides
firms with effective tools to facilitate greenwashing. On the other hand, when firms
intend to engage in greenwashing, they may increase their investment in BDA to enhance
the credibility and sophistication of such practices. This reverse causality may bias the
estimation results. To address this issue, we adopt a two-stage least squares (2SLS) approach
and employ the National Big Data Pilot Zone as an instrumental variable. Specifically, we
construct a dummy variable that equals one if a firm is located in a city designated as a
National Big Data Pilot Zone and zero otherwise.

Since 2016, the Chinese government has established pilot zones in selected cities to
promote digital transformation and data utilization. The relevance condition is satisfied
because firms located in pilot zones are more likely to access preferential policies, infras-
tructure, and data resources, thereby enhancing their adoption of BDA. The exogeneity
condition is also plausible, as the designation of pilot zones was determined by national
strategic considerations at the regional level rather than by firm-level outcomes. The policy
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is exogenous to individual firms’ greenwashing performance and affects it only through its
impact on corporate BDA.

A potential concern is that the National Big Data Pilot Zone policy may affect cor-
porate greenwashing through city-level characteristics. Specifically, the designation of
pilot zones may influence corporate environmental behavior by shaping local government
regulatory intensity, regional economic policies, environmental supervision standards, or
the development of green finance. These region-level institutional factors may affect firms’
greenwashing behavior independently of their use of BDA. Accordingly, our empirical
specification includes city fixed effects, which absorb time-invariant unobservable charac-
teristics at the city level. By exploiting within-city variation over time, the inclusion of city
fixed effects helps mitigate endogeneity concerns arising from persistent regional factors.

The instrumental variable regression results are presented in Table 7. Column (1)
reports the baseline IV regression, which confirms a statistically significant and positive
effect of BDA on greenwashing. To ensure robustness, we employ alternative proxies
for the key explanatory variable in columns (2) to (4), and for the dependent variable in
columns (5) to (7). Across all specifications, the estimated coefficients remain positive
and significant at the 1% level, reinforcing the reliability of our main finding. In the first
stage, the coefficient of the instrumental variable on the endogenous dependent variables
is significantly positive, confirming the relevance of the instrument. We further conduct a
weak instrument test and an underidentification test. The results show a Cragg-Donald
Wald F statistic far exceeding the threshold of 10 and a large Kleibergen–Paap LM statistic.
Taken together, these findings indicate that our instrumental variable is valid and that the
baseline regression results are robust.

Table 7. Robustness test: 2SLS instrumental variable estimations.

Model (1) (2) (3) (4) (5) (6) (7)
DV GW GW GW GW GW_dum GW_diver GW_tone

BDA 2.498 *** 0.649 *** 1.350 *** 1.680 ***
(0.501) (0.080) (0.300) (0.332)

BDA ratio 5.164 ***
(0.462)

BDA_patent 0.726 ***
(0.054)

BDA_asset 3.559 ***
(0.281)

first stage 0.135 *** 0.039 *** 0.325 *** 0.062 *** 0.124 *** 0.117 *** 0.122 ***
(0.005) (0.003) (0.017) (0.003) (0.008) (0.017) (0.016)

C-D Wald F 121.036 194.846 283.891 305.075 - 49.592 64.514
K-P LM 98.751 163.638 257.934 258.978 - 46.140 60.568
Control

Variables YES YES YES YES YES YES YES

Fixed Effects YES YES YES YES YES YES YES
Observations 41,524 41,524 41,642 33,264 20,340 9192 10,807

R2 0.421 0.474 0.453 0.399 - 0.382 0.321
Note: Robust standard errors are reported in parentheses. *** denotes significance at the 1% level.

Although the instrumental variable approach helps address potential endogeneity
concerns, its validity may still be challenged if the policy instrument affects corporate
greenwashing through other time-varying city-level channels. To further alleviate concerns
related to reverse causality and omitted dynamic effects, we employ a dynamic panel data
model and estimate it using the system generalized method of moments. In the system
GMM estimation, the lagged dependent variable (L.GW) and firms’ BDA are treated as
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endogenous variables and instrumented by their own lagged values. Other firm-level
control variables are treated as exogenous, and firm and year fixed effects are included.
The estimation is conducted using a two-step robust system GMM procedure.

The estimation results are reported in Table 8, column (1). The coefficient on L.GW
is positive and statistically significant, indicating strong persistence in corporate green-
washing behavior. More importantly, the coefficient on BDA remains positive and highly
significant at the 1% level, suggesting that firms’ use of BDA continues to exacerbate green-
washing behavior even after accounting for dynamic effects and endogeneity concerns.
Diagnostic tests support the validity of the System GMM estimation. The AR (1) test
indicates the presence of first-order serial correlation, while the AR (2) test fails to reject
the null hypothesis, suggesting no second-order serial correlation in the differenced errors.
In addition, the Hansen test does not reject the null hypothesis of instrument validity,
indicating that the chosen instruments are appropriate.

Table 8. Robustness test: System GMM and Heckman two-stage analysis.

Model (1) SGMM (2) First Stage (3) Second Stage

DV GW Disclosure GW

BDA 1.378 *** 0.050 **
(0.185) (0.024)

L.GW 0.254 **
(0.113)

AR (1) −6.37 ***
[0.000]

AR (2) 0.74
[0.462]

Hansen Test 40.97
(0.133)

Indus_average 1.130 ***
(0.056)

IMR 1.354 ***
(0.108)

Control Variables YES YES YES
Fixed Effects YES YES YES
Observations 30,118 40,338 35,589

R2 - - 0.074
Note: Robust standard errors are reported in parentheses. p-values for the AR (1), AR (2), and Hansen tests are
reported in brackets. **, and *** denote significance at the 5% and 1% levels, respectively.

The baseline regression results may also suffer from sample selection bias because
corporate greenwashing (GW) is observable only for firms that voluntarily disclose envi-
ronmental information. If a firm’s disclosure decision is systematically correlated with its
level of big data analytics (BDA) or with unobserved greenwashing propensity, estimates
based solely on the disclosing subsample would be biased and inconsistent. To address
this concern, we employ the Heckman two-stage procedure.

In the first stage, we model a firm’s probability of entering the observable sample,
using whether it discloses environmental information in its annual report (Disclosure) as the
selection variable. The industry-average level of environmental disclosure (Indus_average)
is used as the exclusion restriction, capturing industry-level disclosure norms that affect
firms’ disclosure decisions but are plausibly exogenous to their greenwashing behavior.

In the second stage, we include the inverse Mills ratio (IMR) derived from the first
stage to correct for selection bias. As reported in Table 8, column (2)–(3), the coefficient
on the IMR is positive and statistically significant at the 1% level, confirming the presence
of non-random sample selection. This result suggests that firms that do not disclose
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environmental information exhibit a higher latent tendency toward greenwashing. After
correcting for this bias, the coefficient on the core explanatory variable, BDA, remains
positive and significant at the 5% level. Overall, these findings are consistent with the
baseline results and demonstrate that our core conclusion remains robust after accounting
for endogeneity arising from non-random sample selection.

6. Discussion and Conclusions
With the global rise of digitalization and growing concerns over the environment, the

relationship between digital technologies and corporate green responsibility has become
increasingly important. This study examines the impact of big data analytics (BDA) on
corporate greenwashing. While prior research generally suggests that BDA promotes firms’
green development [4,5], it often overlooks the darker side of digital technologies [8–10].
Using panel data of Chinese listed firms from 2012 to 2023, we find that BDA tends to
facilitate greenwashing. Drawing on impression management theory, we argue that BDA
enables firms to embellish their green image through three core strategies: self-serving
bias, symbolic management, and accounting rhetoric, thereby making it look green and
intensifying greenwashing. From an institutional perspective, external legitimacy pressures
are the main drivers of firms’ use of BDA for greenwashing. Specifically, constraint-
based non-market pressures (environmental regulation and media coverage) suppress
such behavior, whereas opportunity-based market pressures (institutional ownership and
analyst attention) amplify it, suggesting that firms respond differently to different types of
external pressures.

6.1. Theoretical Implication

This study makes three theoretical contributions to the literature on greenwashing
and digital technologies.

First, this study adds to research on corporate environmental performance by reveal-
ing the dark side of digital technologies in greenwashing. Prior research connecting BDA
to corporate environment performance has mainly highlighted its positive impacts [4,5].
Scholars have described several pathways through which BDA enhances environmental
performance and sustainability, such as strengthening environmental monitoring, improv-
ing disclosure quality, and increasing transparency [1,6,7]. However, the same technical
means can also be used for deception and greenwashing. We argue that BDA, as a digital
capability, inherently carries the potential to enable greenwashing. There, our findings
provide one of the earliest empirical examinations showing that BDA can also facilitate
corporate greenwashing. From an institutional theory perspective, whether big data analyt-
ics serves as a solution or as a tool for greenwashing depends on the institutional context.
We further develop this view by focusing on corporate environmental performance across
different external environments. By doing so, this study challenges the prevailing as-
sumption that more data always leads to better outcomes. This contribution advances the
sustainability and digital transformation literature by demonstrating that digital technolo-
gies, when embedded in legitimacy-driven contexts, may generate unintended ethical and
environmental risks.

Second, we shed novel light on how and why big data analytics facilitates greenwash-
ing by linking it to impression management and institutional theory. Our findings can be
understood from the view that big data analytics alters the marginal cost and marginal
benefit structure of greenwashing. Big data analytics lowers the marginal cost of symbolic
disclosure through large-scale data processing, automation, and algorithmic generation.
Firms can repeatedly produce tailored reports, selectively highlight favorable indicators,
and make disclosures appear objective at relatively low incremental cost. The expected
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benefits of using BDA for greenwashing differ across institutional contexts, and these differ-
ences shape firms’ strategic decisions under both market and non-market pressures. This
integration of impression management theory and institutional theory with digital tech-
nology deepens the understanding of the mechanisms and boundary conditions through
which BDA enables greenwashing.

Third, this study extends institutional theory to the context of digital sustainability.
Although prior research has identified various external institutional pressures affecting
greenwashing, such as governmental, market, and social oversight [35–37,40], these pres-
sures are typically examined separately, lacking an integrated framework that explains how
they shape the use of digital technologies. We distinguish between constraint-based and
opportunity-based external legitimacy pressures and provide empirical evidence that they
have opposing effects on BDA-enabled greenwashing: the former suppresses the misuse
of BDA, whereas the latter amplifies it. This dual-path framework shows that external
legitimacy pressures can steer digital capabilities toward either transparency or deception,
thereby enriching institutional theory within digital contexts.

Finally, we differentiate our study from Jia et al. (2025) [10], who examine the overall
effects of digital transformation on greenwashing, by focusing specifically on big data
analytics. This more granular approach allows us to uncover how BDA facilitates green-
washing through impression management tactics. By moving beyond a general discussion
of digitalization, this study illustrates at a more operational and technical level how data
tools can be used to shape external perceptions. In addition, we extend the analysis to
listed companies across all industries, enhancing the generalizability of our findings. In
doing so, we enrich research on digital technology-enabled corporate deception.

6.2. Practical Implications

This study discusses why and how firms use BDA to engage in greenwashing. The
research provides meaningful implications for both firms and their stakeholders.

For firms, they should recognize the “double-edged sword” nature of BDA: while BDA
can unlock data value for substantive environmental improvement, it should not be used
as a tool for impression management. Firms need to balance BDA investment with substan-
tive environmental actions, strengthen internal oversight of environmental information
disclosure, and avoid using data analytics to manipulate stakeholder perceptions.

External institutional pressure is a key driver of BDA-enabled greenwashing. For
policymakers, governments should further standardize the disclosure of environmental
information and increase penalties for data-driven greenwashing. For the media, it is
necessary to give full play to its role as a supervisor and information intermediary, and
use public opinion pressure to constrain enterprises’ improper behaviors. For investors
and analysts, they should enhance their ability to identify BDA-enabled greenwashing:
for example, investors can request third-party audits of firms’ environmental reports, and
analysts can focus on verifying the consistency between firms’ digital environmental claims
and actual environmental performance.

6.3. Limitations and Directions for Future Research

Finally, this study has several limitations, which also point out directions for future
research. First, the research sample only covers Chinese listed companies. Future studies
can extend the analysis to firms in other emerging or developed economies to test the
cross-country generalizability of the research findings, with particular attention to the
potential impacts of different institutional environments. Second, this study explores
the impact of BDA on greenwashing. It is possible to further explore different big data
analytics scenarios, such as those applied to supply chain monitoring and environmental

https://doi.org/10.3390/su18042121

https://doi.org/10.3390/su18042121


Sustainability 2026, 18, 2121 19 of 21

marketing. By disaggregating big data analytics into different dimensions, a more granular
understanding of its relationship with greenwashing can be achieved. Third, our study
examines firms’ use of BDA primarily through text analysis of annual reports, adopting an
external observation perspective. While this approach effectively captures firms’ disclosure
orientation toward BDA, we acknowledge that such disclosures may also function as
strategic signals within impression management. As a result, the frequency of BDA-related
keywords may not fully reflect the actual scale or depth of BDA implementation and may
mechanically correlate with corporate greenwashing. Future research could incorporate
internal data, conduct managerial surveys, or use case-study methods to gain deeper
insights into firms’ internal decision-making logic, thereby deepening insights into the
mechanisms of corporate greenwashing in the digital era.
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