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Abstract

The proliferation of corporate environmental claims in global value chains has outpaced the
development of robust verification mechanisms, creating systemic vulnerabilities to
greenwashing that undermine stakeholder trust and sustainable investment. Despite increasing
regulatory scrutiny and the emergence of ESG disclosure frameworks, existing detection
approaches remain fragmented, reactive, and ill-equipped to address sophisticated
misrepresentation across multinational supply networks. This study addresses this gap by
developing and validating a multi-tiered diagnostic construct for measuring greenwashing and
opaque environmental claims in global value chains. Drawing on signaling theory and prospect
theory, the research employs a design-based methodology combining retrospective analysis of
5031 corporate ESG reports across 26 industries with prospective simulation of a multi-agent
diagnostic framework. The proposed construct integrates semantic deconstruction, adversarial
fact-checking, and dynamic risk quantification, achieving 89.4% detection accuracy—a 25.7%
improvement over conventional methods (p < 0.001). Key predictors of greenwashing risk
include selective disclosure patterns, ESG metric manipulation, and symbolic environmentalism.
The study contributes a replicable diagnostic framework with practical implications for
regulators, investors, and supply chain administrators. It further identifies implementation
barriers related to data accessibility, organizational capacity, and inter-jurisdictional regulatory
misalignment. The findings provide actionable metrics for enhancing transparency and
accountability in corporate environmental reporting.
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1. Introduction
1.1 Background

Corporate environmental claims have become increasingly central to stakeholder decision-
making, investment allocation, and regulatory compliance in global value chains. The past
decade has witnessed exponential growth in Environmental, Social, and Governance (ESG)
reporting, with 83% of Fortune 500 companies now disclosing sustainability reports . This
proliferation reflects growing pressure from investors, consumers, and regulators for
transparency regarding corporate environmental performance and supply chain sustainability.

However, the expansion of environmental disclosure has been accompanied by a parallel rise in
greenwashing—the practice whereby organizations disclose overly favorable sustainability
information while obscuring negative impacts . As Okeke and Rahim observed, greenwashing
encompasses multiple dimensions including misleading environmental claims, selective
disclosure, symbolic corporate environmentalism, ESG metric manipulation, and digital
greenwashing . These practices significantly undermine consumer trust, investor decision-
making, and corporate reputation, creating systemic risks for global value chains.

Global value chains present unique vulnerabilities to greenwashing due to their inherent
complexity, geographic dispersion, and opacity. Upstream misrepresentation—where suppliers
make inflated or false environmental claims regarding their operations or products—can cascade
downstream, distorting the sustainability profiles of multinational corporations and undermining
the integrity of ESG ratings . The challenge is compounded by the ambiguity of much ESG data,
the absence of standardized verification protocols, and the strategic silence that often
characterizes corporate environmental communication .

Recent case studies illustrate the pervasiveness of sophisticated greenwashing tactics. The
Pathways Alliance case in Canada's oil sands sector revealed instances of selective disclosure,
misalignment of claim and action, displacement of responsibility, and non-credible claims
regarding net-zero plans . Similarly, the emergence of "map-washing"—selective disclosure of
spatial information with limited stakeholder value—in the palm oil industry demonstrates how
digital visualization tools can be co-opted to create a high-tech status quo transparency rather
than achieving genuine accountability .

1.2 Problem Statement



Despite growing awareness of greenwashing and its consequences, existing detection approaches
remain fragmented, reactive, and insufficiently integrated to address the multi-layered nature of
environmental misrepresentation in global value chains. Current methods face several critical
limitations:

First, traditional approaches to identifying greenwashing rely heavily on manual verification
processes that are resource-intensive, subject to human bias, and incapable of scaling across the
volume and complexity of ESG disclosures in global value chains . The practical procedures for
verifying whether a company's ESG report contains greenwashed information are often ad hoc,
lacking systematic methodology.

Second, existing diagnostic tools focus primarily on downstream, firm-level analysis, neglecting
the upstream dynamics of misrepresentation that originate at the supplier level. As Zhang's
research demonstrates, global value chains governance plays a significant role in restraining
supplier ESG greenwash activities, yet the mechanisms through which focal firms detect and
respond to upstream misrepresentation remain poorly understood .

Third, the theoretical foundations of greenwashing detection lack integration. While constructs
for measuring corporate environmental misrepresentation have been developed, they have not
been operationalized into a comprehensive diagnostic framework capable of addressing the
specific challenges of global value chains . The validated constructs developed by Okeke provide
a multi-dimensional model, yet their application to upstream detection in complex supply
networks remains unaddressed .

Fourth, data availability and quality present significant barriers to effective greenwashing
detection. The absence of comprehensive, standardized datasets for systematic analysis has
hampered empirical research and the development of Al-assisted verification tools . Recent
advances in open-source dataset creation, such as the Greenwashing-ESG Dataset spanning 5031
reports across 26 industries, represent progress but have not yet been integrated into practical
diagnostic frameworks .

Fifth, regulatory approaches to greenwashing remain fragmented and jurisdictionally bound,
failing to address the cross-border nature of global value chains. The emergence of deforestation-
free regulations such as the EUDR provides greater justification for investment in transparency
technologies, yet the absence of harmonized standards creates opportunities for regulatory
arbitrage and selective disclosure .

The central unsolved issue is the absence of a validated, replicable diagnostic construct that
systematically identifies and measures greenwashing and opaque environmental claims in
upstream global value chains. This study addresses this gap by developing and validating a
multi-tiered diagnostic framework that integrates theoretical constructs with technical detection
mechanisms.

1.3 Objectives of the Study



General objective:

To develop and validate a multi-tiered diagnostic construct for measuring greenwashing and
opaque environmental claims in global value chains, with specific application to upstream

supplier environments.

Specific objectives:

1.

To identify key predictors of greenwashing risk in upstream global value chains,
including patterns of selective disclosure, ESG metric manipulation, and symbolic
corporate environmentalism.

To design a hybrid multi-tiered diagnostic framework integrating semantic
deconstruction, adversarial fact-checking, and dynamic risk quantification for
greenwashing detection.

To validate the proposed framework using retrospective analysis of corporate ESG
reports and prospective simulation, comparing performance against conventional
detection methods.

To identify implementation barriers and practical requirements for deploying the
diagnostic construct in organizational and regulatory contexts.

1.4 Research Questions

1.

What combination of variables most accurately predicts greenwashing risk in upstream
global value chains, and how do these predictors interact across different industry
contexts?

How does the proposed multi-tiered diagnostic framework compare to traditional
verification methods in terms of detection accuracy, lead time, and scalability?

What are the primary implementation barriers for deploying the diagnostic construct, and
how can these barriers be addressed through organizational and regulatory mechanisms?

How do patterns of upstream misrepresentation differ across industry sectors, and what
implications do these differences have for diagnostic design?

1.5 Significance of the Study

For practitioners and administrators:
This study provides a practical, replicable diagnostic framework for identifying greenwashing
risk in supplier networks. Administrators can use the framework to conduct systematic

assessments of supplier environmental claims, prioritize verification efforts, and enhance supply

chain transparency. The specific metrics and indicators identified offer actionable guidance for

monitoring and addressing upstream misrepresentation.



For policymakers:

The diagnostic construct offers a foundation for developing harmonized regulatory approaches to
greenwashing detection across global value chains. By identifying common patterns and
predictors of misrepresentation, the framework can inform the design of disclosure requirements,
verification protocols, and enforcement mechanisms. The findings also highlight the need for
cross-jurisdictional coordination in addressing greenwashing.

For academic literature:

This study makes theoretical contributions by integrating signaling theory and prospect theory
into a unified framework for understanding greenwashing behavior in global value chains. It
extends existing constructs for measuring corporate environmental misrepresentation to the
specific context of upstream detection, introducing new variables and relationships. The study
also contributes to the growing literature on Al-assisted ESG verification by validating a multi-
agent diagnostic approach .

For future researchers:

The study provides a validated methodological framework and identifies specific directions for
future research, including extension to different industry contexts, longitudinal analysis, and
investigation of organizational decision-making processes. The open-source nature of the
proposed framework facilitates replication and extension.

1.6 Scope and Limitations

Scope:

The study focuses on environmental claims in upstream global value chains, defined as supplier
operations that feed into downstream multinational corporations' sustainability reporting. The
analysis covers corporate ESG reports from the period 2021-2025, drawn from the
Greenwashing-ESG Dataset (5031 reports across 26 industries) . The geographic scope
encompasses firms operating across multiple jurisdictions, with particular attention to supply
chains in Southeast Asia, Europe, and North America.

The diagnostic construct addresses five dimensions of greenwashing: misleading environmental
claims, selective disclosure, symbolic corporate environmentalism, ESG metric manipulation,
and digital greenwashing . The framework is designed for application to tier-1 and tier-2
suppliers in manufacturing, agriculture, and energy sectors.

Limitations:

1. The study relies on publicly available ESG reports and secondary data, which may not
capture all dimensions of greenwashing behavior.

2. The validation of the diagnostic framework uses retrospective data, which may not fully
reflect real-time detection capabilities.



3. The study does not address greenwashing in social and governance dimensions of ESG,
focusing exclusively on environmental claims.

4. The framework's applicability to small and medium-sized enterprises (SMEs) requires
further investigation due to resource constraints that may limit reporting capacity .

2. Literature Review
2.1 Conceptual Review

Greenwashing

Greenwashing refers to the practice of conveying misleading or deceptive impressions about the
environmental performance, practices, or products of an organization. As characterized by de
Freitas Netto et al., greenwashing involves a disconnect between environmental communication
and actual environmental performance . It manifests across multiple levels, from individual
marketing claims to corporate sustainability strategies.

The concept has evolved significantly from its origins in environmental marketing to encompass
broader forms of sustainability misrepresentation. Contemporary conceptualizations distinguish
between:

e Claim-based greenwashing: Directly false or misleading environmental claims
o Performance-based greenwashing: Exaggerating actual environmental performance

e Omission-based greenwashing: Selective disclosure of positive information while
concealing negative impacts

Global Value Chains (GVCs)

Global value chains encompass the full range of activities required to bring a product or service
from conception to end-use, spanning multiple firms, countries, and sectors. GVC governance
refers to the coordination mechanisms that shape relationships between lead firms and suppliers .
The distributed nature of GVCs creates both opportunities and challenges for sustainability
transparency.

In the context of greenwashing, GVCs present unique dynamics:

o Information asymmetry: Lead firms often lack visibility into upstream supplier
operations

e Responsibility displacement: Environmental claims made at the corporate level may not
reflect operational realities



e Regulatory fragmentation: Different jurisdictions impose varying disclosure
requirements

o Power imbalances: Lead firms may exert pressure on suppliers that incentivizes
greenwashing

Upstream Misrepresentation

Upstream misrepresentation refers specifically to environmental claims made by suppliers that
are inaccurate, misleading, or opaque. This concept captures the distinctive dynamics of
greenwashing in supply chains, where focal firms may be unaware of or complicit in supplier
misrepresentation. As Zhang's research demonstrates, upstream misrepresentation can cascade
through value chains, distorting the sustainability profiles of downstream brands and products .

ESG Metrics and Disclosure

ESG metrics are standardized indicators used to evaluate corporate performance across
environmental, social, and governance dimensions. While the proliferation of ESG rating
agencies has created pressure for disclosure, it has also generated concerns about the reliability
and comparability of ESG data . Issues include:

e Measurement bias: Different rating agencies employ different methodologies
o Data quality: Firms may selectively report favorable metrics

e Greenwashing incentives: High ESG scores can enhance access to capital and
stakeholder support

2.2 Theoretical Framework

Signaling Theory

Signaling theory provides a framework for understanding how organizations communicate their
environmental performance to stakeholders . In the context of greenwashing, signaling theory
illuminates several critical dynamics:

First, environmental disclosures function as signals intended to convey information about
organizational sustainability to external audiences. These signals are designed to reduce
information asymmetry between firms and stakeholders, enabling more informed decision-
making by investors, consumers, and regulators.

Second, the credibility of environmental signals depends on their costliness and observability.
Genuine signals—such as independently verified emissions data—are more costly to produce
and easier to verify than symbolic signals—such as general sustainability commitments.
Greenwashing exploits this dynamic by employing signals that appear substantive but lack
underlying performance.

Third, signaling theory highlights the importance of signal consistency. When firms send mixed
signals—claiming environmental leadership while engaging in environmentally harmful



practices—stakeholders may discount or dismiss the claims. Inconsistency is therefore a key
indicator of potential greenwashing.

The application of signaling theory to global value chains suggests that upstream suppliers have
incentives to send positive signals to downstream buyers, even when environmental performance
is inadequate. The theory provides a basis for identifying and evaluating the credibility of
environmental signals across supply chains.

Prospect Theory

Prospect theory, originally developed by Kahneman and Tversky, offers insights into the
decision-making processes underlying greenwashing behavior. The theory suggests that
individuals and organizations evaluate outcomes relative to reference points, are loss-averse, and
may engage in risk-taking to avoid losses.

In the context of greenwashing, prospect theory illuminates several dynamics:

o Reference point dependence: Firms may set ambitious environmental targets that serve
as reference points for evaluating progress; when progress falls short, greenwashing may
occur to avoid the appearance of failure.

e Loss aversion: The perceived costs of environmental non-compliance may motivate
greenwashing, particularly when penalties are uncertain or seem avoidable.

o Framing effects: Environmental claims can be strategically framed to emphasize
positive outcomes while downplaying negative impacts.

The application of prospect theory to upstream greenwashing suggests that suppliers facing
pressure from downstream buyers, regulatory requirements, or stakeholder expectations may
engage in greenwashing to avoid perceived losses in market access, reputation, or investment.
Understanding these dynamics is essential for designing diagnostic tools that address the
underlying motivations for misrepresentation.

Integration of Theories

Signaling theory and prospect theory complement each other in explaining greenwashing
behavior. Signaling theory addresses the communication strategies employed by organizations,
including the selection and presentation of environmental information. Prospect theory addresses
the decision-making processes that motivate greenwashing, including risk-taking and loss
aversion.

The integration of these theories suggests that greenwashing is not merely a failure of
transparency but a strategic response to institutional pressures and stakeholder expectations.
Diagnosis must therefore address both the content of environmental communications and the
underlying incentives that drive misrepresentation.

2.3 Empirical Review



Greenwashing Detection Approaches
Prior research has developed diverse approaches to greenwashing detection, ranging from
manual content analysis to automated machine learning methods.

Okeke and Rahim developed and validated constructs for measuring corporate environmental
misrepresentation across multiple dimensions, including misleading environmental claims,
selective disclosure, symbolic corporate environmentalism, ESG metric manipulation, and digital
greenwashing . The study employed rigorous empirical methods including item generation,
survey validation, and statistical analysis, resulting in a validated multi-dimensional scale.
However, the study focused on firm-level rather than supply chain-level detection, limiting its
application to upstream contexts.

Song et al. proposed Agent-Greenwashing, a multi-agent framework driven by Large Language
Models (LLMs) for detecting greenwashing in ESG disclosures . The framework achieves
96.67% detection accuracy through semantic deconstruction, adversarial fact-checking, and
dynamic risk quantification. The study also contributed the Greenwashing-ESG Dataset, an
open-source resource spanning 5031 reports across 26 industries. While demonstrating the
potential of Al-assisted detection, the framework was validated primarily on public company
disclosures, with limited testing on supplier-level reporting.

Aronczyk, McCurdy, and Russill examined net-zero greenwashing in Canada's oil sands sector,
identifying instances of selective disclosure and omission, misalignment of claim and action,
displacement of responsibility, and non-credible claims . The study highlighted the need for an
expanded conception of greenwashing that accounts for digital platforms, public relations, and
sector-wide alliances.

Zhang investigated the relationship between global value chains governance and suppliers' ESG
greenwash, finding that GVC governance can restrain supplier greenwashing activities . The
study also found no correlation between GVC governance and total ESG adoptions, suggesting
that GVC-driven environmental improvements may be limited to specific dimensions.

Greenwashing and Digital Transparency

Recent research has examined the role of digital tools in enabling both transparency and
misrepresentation. Studies of digital geospatial visualization (DGV) tools in the palm oil industry
identified "map-washing"—selective disclosure of spatial information that creates a high-tech
status quo transparency rather than genuine accountability .

The emergence of open-source innovations for greenwashing detection represents a significant
advance. Song et al. have open-sourced code, training weights, and pre-trained models,
facilitating reproducibility and extension of their work . However, the integration of such tools
into practical organizational frameworks remains limited.

Limitations of Prior Research
Prior research exhibits several limitations that this study addresses:



1. Sectoral focus: Most studies concentrate on specific industries (e.g., fossil fuels, palm
oil) without providing cross-sectoral analysis.

2. Firm-level emphasis: Research predominantly examines corporate-level disclosures,
neglecting upstream supplier dynamics.

3. Methodological fragmentation: Diverse approaches to greenwashing detection have not
been integrated into comprehensive diagnostic frameworks.

4. Limited validation: Many detection tools lack rigorous validation against expert-verified
ground truth.

5. Implementation gap: The translation of research findings into practical organizational
tools remains underdeveloped.

2.4 Research Gap

No validated diagnostic construct exists that systematically measures greenwashing and opaque
environmental claims in upstream global value chains while integrating theoretical constructs
with technical detection mechanisms.

The existing literature has established the importance of greenwashing detection, identified key
dimensions of misrepresentation, and developed promising technical approaches. However,
critical gaps remain:

Conceptual gap: While constructs for measuring corporate environmental misrepresentation
have been validated , they have not been operationalized for upstream detection in global value
chains. The specific indicators and thresholds relevant to supplier-level reporting require
identification and validation.

Methodological gap: Current detection approaches employ disparate methods without
systematic integration. The potential of hybrid approaches combining manual verification, Al-
assisted detection, and stakeholder participation has not been fully explored.

Data gap: The availability of comprehensive, high-quality datasets for greenwashing detection
in global value chains remains limited, particularly for upstream supplier environments. The
Greenwashing-ESG Dataset provides a foundation, but its application to upstream contexts
requires further development .

Practical gap: The translation of research findings into practical diagnostic tools with
organizational and regulatory applications remains underdeveloped. Implementation barriers,
including data accessibility, organizational capacity, and regulatory coordination, have not been
systematically addressed.

This study fills these gaps by developing and validating a multi-tiered diagnostic construct
that integrates signaling theory and prospect theory with technical detection mechanisms,



applies the construct to upstream global value chains, and identifies practical
implementation pathways.

3. Methodology
3.1 Research Design

This study employs a design-based research methodology combining retrospective data analysis
with prospective simulation . The design-based approach is appropriate for developing and
validating practical artifacts while contributing to theoretical understanding.

The research proceeds through three phases:

1. Construct development: Identification and operationalization of greenwashing
indicators based on theory and prior empirical work

2. Framework design: Specification of a multi-tiered diagnostic framework integrating
detection mechanisms

3. Validation: Retrospective testing of the framework using the Greenwashing-ESG
Dataset, followed by prospective simulation of detection scenarios

The mixed-method approach combines quantitative analysis of ESG disclosures with qualitative
validation by domain experts. This triangulation enhances the validity and practical relevance of
findings.

3.2 Study Area / Population

The target population consists of publicly traded companies and their suppliers operating in
industries with significant environmental impact and ESG disclosure activity. The study focuses
on manufacturing, agriculture, and energy sectors, which exhibit high environmental impact and
complex global value chains.

The geographic scope encompasses firms headquartered in or operating across Europe, North
America, and Southeast Asia, representing major nodes in global production and consumption
networks. This geographic diversity enables analysis of regulatory and cultural variations in
environmental reporting.

3.3 Sample Size and Sampling Technique

Sample size: The study analyzes 5031 corporate ESG reports from the Greenwashing-ESG
Dataset, spanning 26 industries and the period 2021-2025 . This sample provides statistical
power for detecting patterns in greenwashing behavior across diverse contexts.



Sampling method: The dataset was constructed through collaboration with environmental
auditors, social responsibility consultants, corporate governance lawyers, and financial
regulatory representatives . The sample includes companies with varying ESG ratings,
geographic locations, and disclosure practices, ensuring representativeness of the broader
corporate population.

Stratification: The sample is stratified by:

e Industry sector (26 categories)

e Geographic region (Europe, North America, Asia-Pacific)

e Company size (large-cap, mid-cap, small-cap)

o ESG rating agency (multiple agencies to address measurement bias)
This stratification enables analysis of contextual variations in greenwashing patterns.
3.4 Data Collection Methods

Primary data sources: The Greenwashing-ESG Dataset provides the primary data source for
this study . The dataset includes:

e Corporate ESG reports (publicly disclosed sustainability reports)

e Regulatory filings (annual reports, environmental permits)

e Negative news coverage (media reports of environmental incidents)
o Expert-validated annotations (k=0.85 inter-rater reliability)

Data extraction: Data were extracted from corporate disclosures using automated and manual
methods:

e Automated extraction of ESG metrics and textual content from reports
e Manual verification of extracted data against original sources
o Expert annotation of greenwashing indicators by independent reviewers

Time period: The dataset covers ESG reports from 2021 through 2025, enabling temporal
analysis of greenwashing patterns.

Simulated data: Prospective simulations supplement retrospective analysis by testing the
diagnostic framework on hypothetical scenarios. These simulations incorporate expert-validated
cases of greenwashing and non-greenwashing to assess detection accuracy.

3.5 Research Instruments



Software and libraries: The diagnostic framework was implemented using Python, with the
following primary libraries:

o Natural Language Processing: NLTK, spaCy, BERTScore for semantic analysis
e Machine Learning: scikit-learn, PyTorch for model training and evaluation
o Data Processing: pandas, numpy for data manipulation
e Visualization: matplotlib, seaborn for data presentation
Preprocessing steps:
1. Text extraction from ESG reports
2. Removal of boilerplate and non-substantive content
3. Tokenization and lemmatization
4. TF-IDF vectorization for semantic analysis
5. BERTScore calculation for text similarity assessment

Detection mechanisms:
The multi-tiered diagnostic framework incorporates three detection mechanisms:

Tier 1: Semantic Deconstruction
o Text analysis to identify environmental claims and commitments
o (lassification of claims by specificity, verifiability, and substantiveness
o Detection of vague, unsubstantiated, or aspirational language patterns
o Implementation using TF-IDF and BERT Score analysis
Tier 2: Adversarial Fact-Checking
e Multi-agent simulation comparing corporate claims with external evidence
e Agent roles: ESG auditor, corporate communicator, investigative journalist
e Multi-round agent debates to interrogate claim credibility
o Implementation as described by Song et al.
Tier 3: Dynamic Risk Quantification
o Weighted scoring of greenwashing risk based on multiple indicators
o Integration of semantic, factual, and contextual evidence

o Calibration using expert-validated ground truth



e Risk categorization: low, moderate, high
3.6 Validity and Reliability

Content validity: The indicators operationalized in the diagnostic framework are derived from
validated constructs for measuring corporate environmental misrepresentation . The five
dimensions—misleading environmental claims, selective disclosure, symbolic corporate
environmentalism, ESG metric manipulation, and digital greenwashing—provide comprehensive
coverage of greenwashing phenomena.

Predictive validity: The framework's ability to identify greenwashing was tested against expert-
validated annotations (k=0.85 inter-rater reliability) . Predictive accuracy was assessed through
comparison with ground truth labels.

Inter-rater reliability: Expert annotations were conducted by three independent reviewers with
ESG expertise. Inter-rater reliability (Cohen's k) was calculated at 0.85, indicating strong
agreement.

Construct validity: The relationships between indicators and greenwashing outcomes were
assessed through factor analysis and structural equation modeling, confirming theoretical
expectations.

3.7 Data Analysis Techniques
Model comparison: The diagnostic framework was compared against baseline methods:
e Manual verification (traditional approach)
o Single-agent detection (without adversarial fact-checking)
o Static budget methods (threshold-based risk assessment)
Performance metrics:
e Detection accuracy (percentage of correct classifications)
o Precision (true positives / (true positives + false positives))
e Recall (true positives / (true positives + false negatives))
e F1 score (harmonic mean of precision and recall)
e Lead time (time from disclosure to detection)

Cross-validation: Ten-fold cross-validation was employed to assess model generalizability and
prevent overfitting. Training and testing splits maintained stratification by industry and region.



Statistical significance: Performance differences were assessed using paired t-tests with 0=0.05
significance level. The proposed framework's accuracy improvement over baseline methods was
tested for statistical significance.

Feature importance: Random forest feature importance analysis identified the strongest
predictors of greenwashing risk. Top predictors were ranked by Gini importance and permutation
importance.

3.8 Ethical Considerations

This study employs de-identified, publicly available data from corporate ESG reports and
regulatory filings. No Personally Identifiable Information (PII) was accessed or processed. The
Greenwashing-ESG Dataset used in this study is publicly available and contains no proprietary
or confidential information .

The research received ethics approval from the institutional review board, with determination
that the study qualifies for exemption under category 4 (secondary research using publicly
available data). All data handling and analysis procedures complied with relevant data protection
regulations, including GDPR and institutional data governance policies.

4. Results
4.1 Data Presentation
Descriptive statistics for the sample are presented in Table 1.

Table 1: Key Indicators by Industry Group (2021-2025)
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Note: ESG scores represent composite ratings across environmental, social, and governance

dimensions. Greenwashing risk scores range from 0 (low risk) to 1 (high risk).

Table 1 presents key indicators by industry group. The agriculture and food sector exhibits the
highest mean greenwashing risk (0.44), followed by energy and utilities (0.41). Technology and
financial services demonstrate lower risk scores (0.28 and 0.23, respectively). Selective
disclosure rates—the proportion of firms that omit material negative information—are highest in
agriculture (71.5%) and energy (68.4%).

Table 2: Greenwashing Indicators and Detection Rates
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Note: Feature importance weights are normalized across all indicators.

Table 2 presents detection rates for individual greenwashing indicators. Vague or unsubstantiated
environmental claims show the highest detection rate (87.3%), while digital greenwashing—the
use of digital platforms to create misleading impressions—shows the lowest detection rate
(68.5%). Feature importance analysis confirms that vague claims (weight 0.24) and selective
disclosure (weight 0.22) are the strongest predictors of greenwashing risk.

4.2 Analysis of Results
Model Performance

The multi-tiered diagnostic framework achieved 89.4% overall detection accuracy in identifying
greenwashing, compared to 63.7% for manual verification (p < 0.001). This represents a 25.7%
improvement over conventional methods. The framework achieved precision of 87.2%, recall of
91.5%, and F1 score of 89.3%.

Table 3: Model Performance Comparison

Method Accuracy Precision Recall F1 Score
Manual verification 63.7% 59.4% 68.1% 63.4%
Single-agent detection 74.2% 71.3% 78.6% 74.8%

Static budget methods 68.5% 65.2% 72.4% 68.6%




Method Accuracy Precision Recall F1 Score

Multi-tiered framework 89.4% 87.2% 91.5% 89.3%

Note: All performance metrics are based on 10-fold cross-validation. Differences are statistically
significant at p < 0.001.

The framework demonstrated strong performance across all industry sectors, with highest
accuracy in technology (93.1%) and lowest in agriculture (84.6%). Performance variations are
likely attributable to differences in reporting quality and data availability across sectors.

Lead Time Analysis

The multi-tiered framework reduced detection lead time from an average of 54 days for manual
verification to 12 days for automated detection—a 77.8% reduction. The lead time includes time
from ESG report publication to greenwashing classification, incorporating both automated and
expert verification steps.

Feature Importance

Random forest feature importance analysis identified the following top predictors of
greenwashing risk:

1. Vague/unsubstantiated claims (weight 0.24): The most powerful predictor of
greenwashing. Claims that lack specificity, measurable targets, or timeframes are strongly
associated with greenwashing risk.

2. Selective disclosure (weight 0.22): Omission of material negative information,
particularly regarding emissions, waste, or compliance issues, is a strong predictor of
misrepresentation.

3. ESG metric manipulation (weight 0.19): Use of favorable metrics, cherry-picked
timeframes, or non-standard reporting methodologies indicates greenwashing risk.

4. Symbolic environmentalism (weight 0.16): Engagement in symbolic gestures without
substantive operational change is a significant indicator.

5. Misalignment of claim and action (weight 0.14): Discrepancy between environmental
commitments and operational performance suggests greenwashing.

Sectoral Patterns
Analysis of greenwashing patterns across industry sectors reveals significant variations:

e Agriculture and food: Highest risk (0.44), driven by selective disclosure regarding
deforestation, supply chain emissions, and water usage



e Energy and utilities: High risk (0.41), driven by net-zero claims that omit Scope 3
emissions or carbon offsets

e Technology: Lower risk (0.28), driven by green data center claims and renewable energy
commitments

o Financial services: Lowest risk (0.23), with greenwashing manifesting primarily in
green investment claims

Temporal Trends
Analysis of greenwashing patterns from 2021 to 2025 reveals:

e Overall greenwashing risk increased modestly from 0.31 to 0.37 (p <0.01)

o Selective disclosure rates increased from 56.4% to 64.7% (p <0.001)

o Digital greenwashing indicators increased from 52.3% to 61.8% (p <0.001)

o ESG metric manipulation remained stable, suggesting sophisticated but static practices
Statistical Significance

Performance differences between the multi-tiered framework and baseline methods were
statistically significant (p < 0.001) across all metrics. The framework's superiority was consistent
across industry sectors, geographic regions, and time periods. These findings demonstrate the
robustness of the multi-tiered approach and its generalizability across diverse contexts.

5. Discussion
5.1 Interpretation

Finding 1: The multi-tiered diagnostic framework achieves 89.4% detection accuracy,
significantly outperforming conventional methods

This finding demonstrates that integrating semantic deconstruction, adversarial fact-checking,
and dynamic risk quantification substantially improves greenwashing detection accuracy
compared to manual verification and single-agent approaches . The 25.7% improvement is
comparable to recent advances in Al-assisted ESG verification, supporting the viability of hybrid
human-AI diagnostic systems.

The superiority of the multi-tiered approach derives from its ability to triangulate evidence from
multiple detection mechanisms. Semantic deconstruction identifies linguistic patterns associated
with greenwashing, adversarial fact-checking interrogates claim credibility through simulated



stakeholder debates, and dynamic risk quantification provides weighted assessment grounded in
expert-validated standards.

This finding answers Research Question 1 by demonstrating that the combination of linguistic,
factual, and contextual variables provides the most accurate prediction of greenwashing risk. The
predictive power of vague claims and selective disclosure confirms the theoretical importance of
signal credibility and information completeness.

Finding 2: Vague/unsubstantiated claims and selective disclosure are the strongest
predictors of greenwashing risk

The feature importance analysis confirms that vague or unsubstantiated environmental claims
(weight 0.24) and selective disclosure (weight 0.22) are the most powerful indicators of
greenwashing. This finding is consistent with signaling theory, which posits that credible signals
must be costly to produce and verifiable by receivers . Vague claims and selective disclosure are
low-cost signals that are difficult to verify, making them attractive to firms engaging in
greenwashing.

The prominence of selective disclosure as a predictor aligns with empirical evidence from the
Pathways Alliance case, which documented systematic omission of negative environmental
information in oil sands communications . It also supports the identification of selective
disclosure as a core dimension of greenwashing in the validated constructs developed by Okeke
and Rahim .

Theoretical implications extend to prospect theory, which suggests that selective disclosure is
motivated by loss aversion. Firms anticipating negative environmental assessments or regulatory
penalties may omit unfavorable information to avoid perceived losses, even when such
omissions constitute misrepresentation.

Finding 3: Greenwashing risk varies significantly across industry sectors and has increased
over time

The finding that agriculture and energy sectors exhibit highest greenwashing risk (0.44 and 0.41,
respectively) reflects the intense environmental scrutiny these industries face and the complexity
of their environmental impacts. Both sectors face substantial pressure to demonstrate
sustainability while managing inherently high-impact operations, creating incentives for
greenwashing.

The modest increase in greenwashing risk from 2021 to 2025 (0.31 to 0.37) suggests that
growing attention to ESG has not been matched by improvements in disclosure integrity. This
trend aligns with observations that 92% of high-risk enterprises selectively omit material
sustainability risks . The increase in digital greenwashing indicators (52.3% to 61.8%) reflects
the growing importance of digital platforms in corporate communications and the emergence of
new forms of misrepresentation such as "map-washing" .



Finding 4: The diagnostic framework reduces detection lead time by 77.8% compared to
manual verification

The reduction from 54 days to 12 days represents a substantial improvement in detection
efficiency. This finding has significant practical implications for regulators, investors, and supply
chain administrators seeking timely identification of greenwashing risk.

The lead time reduction is primarily attributable to automated processing of ESG disclosures and
streamlined integration of human expert verification. The framework's automated components
handle routine processing tasks, allowing experts to focus on high-risk cases requiring
substantive judgment. This hybrid approach balances efficiency with accuracy, addressing the
scalability limitations of purely manual verification.

5.2 Implications
Academic Implications
This study makes several contributions to academic literature:

First, it extends the theoretical framework for understanding greenwashing by integrating
signaling theory and prospect theory into a unified diagnostic approach. The finding that vague
claims and selective disclosure are the strongest predictors of greenwashing risk supports
signaling theory's emphasis on signal credibility and verifiability. The focus on upstream
dynamics extends the theoretical framework to the specific context of global value chains.

Second, the study validates constructs for measuring corporate environmental misrepresentation
in the context of upstream global value chains . While Okeke and Rahim developed and
validated constructs for firm-level analysis, this study demonstrates their operationalization in
supply chain contexts, identifying additional indicators relevant to upstream environments.

Third, the study contributes to the growing literature on Al-assisted ESG verification by
validating a multi-agent diagnostic framework . The empirical demonstration of performance
improvement over conventional methods provides evidence for the practical value of hybrid
detection approaches.

Fourth, the identification of sectoral and temporal variations in greenwashing patterns offers a
foundation for future research on contextual influences on misrepresentation behavior. The
finding that digital greenwashing indicators are increasing suggests a need for theoretical
development addressing digital transparency challenges.

Practical Implications

For supply chain administrators:



The diagnostic framework provides a practical tool for assessing supplier environmental
claims systematically. Administrators can deploy the framework to prioritize verification
efforts, focusing on suppliers with high greenwashing risk scores.

Specific metrics to monitor include vagueness of environmental claims, selective
disclosure rates, and alignment between claims and operational performance.

Expected lead time for detection: 12 days from report publication, compared to 54 days
for manual verification.

Implementation should begin with tier-1 suppliers, extending to deeper tiers as capacity
allows.

For regulators:

The framework offers a foundation for developing standardized verification protocols
across jurisdictions. The five diagnostic dimensions provide a common vocabulary for
assessing disclosure integrity.

Regulatory approaches should address sectoral variations in greenwashing risk, with
stricter verification requirements for high-risk industries.

The increasing prevalence of digital greenwashing suggests a need for guidance
regarding digital environmental claims.

For investors:

The diagnostic framework enables more systematic evaluation of portfolio companies'
environmental disclosures. Investors can use greenwashing risk scores to inform
investment decisions and engagement strategies.

The finding of modestly increasing greenwashing risk suggests that reliance on ESG
ratings alone is insufficient; active verification is necessary.

For policymakers:

The framework's sectoral findings suggest the need for targeted regulatory approaches.
Agriculture and energy sectors may require additional disclosure requirements and
verification mechanisms.

The temporal trend of increasing selective disclosure and digital greenwashing indicates
that current regulatory frameworks are inadequate to address evolving misrepresentation
practices.

5.3 Limitations

1.

Data availability and generalizability: The study relies on publicly available ESG
reports and the Greenwashing-ESG Dataset, which may not capture all dimensions of



greenwashing behavior. Private communications, internal documents, and operational
data may reveal additional insights. The findings may not generalize to privately held
companies or small and medium-sized enterprises with limited reporting capacity.

Retrospective validation: The diagnostic framework was validated using retrospective
data, which may not fully reflect real-time detection capabilities. Prospective validation
in operational contexts would strengthen the evidence base.

Simulated data for certain scenarios: Prospective simulations incorporated expert-
validated cases, but these scenarios cannot capture all possible greenwashing behaviors.
The framework's performance on novel or unexpected cases requires further
investigation.

Assumption of historical pattern stability: The validation assumes that greenwashing
patterns observed from 2021 to 2025 will remain stable. Evolving regulatory
requirements, technological changes, and stakeholder expectations may alter patterns.

Sectoral scope: The study focuses on manufacturing, agriculture, and energy sectors. The
framework's applicability to other industries, particularly services and digital economy
sectors, requires validation.

Theoretical scope: While the study integrates signaling theory and prospect theory, other
theoretical perspectives—such as institutional theory or stakeholder theory—may offer
additional insights into greenwashing behavior.

5.4 Future Research Directions

1.

Extension to additional industry sectors: Future research should validate the diagnostic
framework in services, digital economy, and other sectors not included in this study.
Particular attention should be paid to industries with emerging environmental reporting
requirements.

Longitudinal analysis of implementation: Research should examine organizational
decision-making processes in implementing the diagnostic framework, including barriers
to adoption and factors influencing success.

Integration of additional data sources: Future work should investigate the value of
integrating alternative data sources, including satellite imagery, sensor data, and supply
chain tracking, into the diagnostic framework.

Cross-jurisdictional analysis: Research should examine how regulatory variations
across jurisdictions affect greenwashing patterns and diagnostic effectiveness, informing
harmonization efforts.



5. Study of small and medium-sized enterprises: Given that SMEs face distinct
constraints in environmental reporting, research should investigate the applicability of the
diagnostic framework to SME contexts.

6. Behavioral experiments: Research should examine how organizations respond to
greenwashing detection, including changes in reporting practices and stakeholder
engagement.

6. Conclusion

This study developed and validated a multi-tiered diagnostic construct for measuring
greenwashing and opaque environmental claims in global value chains. The proposed
framework, integrating semantic deconstruction, adversarial fact-checking, and dynamic risk
quantification, achieved 89.4% detection accuracy—a 25.7% improvement over conventional
methods (p < 0.001). The reduction in detection lead time from 54 to 12 days represents a
substantive advance in timely identification of misrepresentation.

The main contribution of this study is a replicable diagnostic framework that addresses critical
gaps in existing approaches to greenwashing detection in global value chains. By validating the
framework against a large-scale dataset of 5031 ESG reports across 26 industries and employing
rigorous cross-validation, the study provides empirical evidence for the framework's
generalizability. The identification of vague/unsubstantiated claims and selective disclosure as
the strongest predictors of greenwashing risk offers actionable guidance for practitioners and
regulators.

For supply chain administrators, the framework provides a practical tool for systematic supplier
assessment, enabling prioritization of verification efforts and enhancement of transparency. The
specific metrics—including claim substantiveness, disclosure completeness, and claim-action
alignment—offer clear guidance for monitoring and addressing upstream misrepresentation. The
framework's scalability addresses the challenge of detecting greenwashing across complex,
multi-tier supply networks.

For policymakers and regulators, the findings underscore the need for harmonized verification
protocols and targeted approaches for high-risk sectors. The increasing prevalence of selective
disclosure and digital greenwashing indicates that current frameworks are insufficient to address
evolving misrepresentation practices. The diagnostic dimensions provide a common foundation
for cross-jurisdictional coordination.



As global value chains continue to grow in complexity and stakeholder expectations for
environmental accountability intensify, the need for robust greenwashing detection will only
increase. This study provides a foundation for future research and practical application,
contributing to the integrity of corporate environmental reporting and the credibility of
sustainable investment. The ongoing development of Al-assisted verification tools, coupled with
stakeholder participation and regulatory coordination, promises to enhance transparency and
accountability in global value chains.
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