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Abstract—Greenwashing, the practice of making misleading
environmental claims, threatens the integrity of Environmen-
tal, Social, and Governance (ESG) reporting, investor trust,
and global sustainability goals. Existing AI detection methods
treat this as a standalone classification problem, ignoring the
governance ecosystem in which claims are produced, reviewed,
and acted upon. This paper makes two contributions. First,
we formalise greenwashing detection as a multi-agent decision
problem, modelling six interacting actors and the feedback
loops connecting corporate disclosure, regulatory action, and
market response. Second, we evaluate the explainability of the
Al screening component using SHapley Additive exPlanations
(SHAP) and Integrated Gradients (IG), demonstrating statisti-
cally significant faithfulness for both methods. Together, these
contributions position AI as an accountable intermediary in a
critical governance process, advancing human-centred design for
high-stakes regulatory decision-making.

Index Terms—greenwashing detection; multi-agent systems;
ESG; explainability; SHAP; integrated gradients; human-centred
Al; critical systems

I. INTRODUCTION

The expansion of Environmental, Social, and Governance
(ESG) reporting has transformed sustainability claims into
consequential signals for investors, regulators, and the public.
Yet the same disclosure incentives that encourage transparency
also create conditions for greenwashing, the practice of pro-
jecting a positive environmental image that is decoupled from,
or actively conceals, poor environmental performance [1].
In corporate disclosures, greenwashing manifests across a
spectrum of strategies: inflated emissions-reduction claims,
selective indicator reporting that highlights favourable met-
rics while omitting material harms, and deliberately vague
sustainability language designed to resist verification. Left
undetected, such practices distort capital allocation, undermine
environmental policy, and erode the credibility of sustainability
reporting as an institution.

Detecting greenwashing is therefore not a narrow text-
classification problem. It is a governance challenge shaped
by the interplay of multiple actors, each with distinct roles,
interests, and information asymmetries. Companies produce

and strategically frame ESG claims, controlling the evidence
that is disclosed. Regulators investigate suspected violations
and must translate automated risk signals into defensible en-
forcement decisions. Investors condition capital allocation on
compliance signals and bear financial exposure to misclassified
disclosures. Civil society actors, including NGOs, journalists,
and advocacy groups, exercise external oversight through
public complaints and reputational pressure. Financial auditors
and third-party certifiers provide independent verification that
anchors the credibility of the entire system. The natural
environment itself constitutes the ultimate stakeholder: inad-
equate enforcement allows harmful practices to persist with
cumulative ecological consequences. Critically, these actors
are not independent. A regulatory decision propagates back
through the system, reshaping corporate disclosure behaviour,
investor confidence, and public trust simultaneously.

Existing computational approaches to greenwashing detec-
tion have not kept pace with this governance complexity. Cur-
rent NLP and machine-learning methods typically reduce the
problem to isolated binary classification, flagging individual
claims without contextual grounding in sector norms, verifi-
cation evidence, or regulatory thresholds [5], [6]. These limi-
tations have two consequences. First, misclassification costs
are asymmetric: undetected greenwashing misleads markets
and delays corrective action, while false accusations impose
reputational and legal costs that deter genuine sustainability
investment. Second, benchmark accuracy does not guarantee
real-world utility. Detection does not end with a model output;
it propagates through regulatory decisions, market responses,
and public oversight, and Al design must reflect that multi-
actor reality.

This paper addresses these gaps through two contributions:
a multi-agent model of the greenwashing governance system
that characterises agent roles and interdependencies; and an
NLP screening approach built on that model, prioritising
transparency and auditability for regulatory use. Together,
they argue that effective greenwashing detection requires Al
systems designed around their governance context, not merely



better classifiers.

This work is submitted to the special session on “Al for
Humanity: Toward Transparent and Robust Optimisation in
Critical Systems.” Greenwashing detection exemplifies the
critical systems addressed by that theme: its failures carry
economic, environmental, and social consequences across mul-
tiple interdependent actors. Transparency and institutional fit
must therefore be treated as first-class design requirements
alongside predictive performance.

II. CONTRIBUTIONS

This work makes two main contributions: a governance-
level multi-agent model and an AI mechanism for supporting
screening decisions.

o Contribution 1—Multi-agent modelling of the green-
washing governance system: We conceptualise green-
washing detection as a multi-agent critical system rather
than a standalone text-classification task. The model
specifies six interacting agents—Company, Al Screen-
ing System, Regulator, Investors, Society/NGOs, and
Environment—with their objectives, decision roles, in-
formation exchanges, and feedback loops. It provides
a conceptual basis for understanding how ESG claims,
Al risk signals, regulatory actions, market responses,
public oversight, and environmental consequences prop-
agate through the governance ecosystem, including the
asymmetric effects of false positives and false negatives.

o Contribution 2—A governance-aware Al screening
approach: Grounded in the multi-agent model, we pro-
pose an Al-assisted screening component that integrates
cost-sensitive greenwashing classification with explain-
ability evaluation. The approach applies a Distilled Bidi-
rectional Encoder Representations from Transformers
(DistilBERT)-based classifier and augments its predic-
tions with risk scores, SHAP explanations, and Integrated
Gradients attributions subject to faithfulness tests, pro-
ducing outputs regulators can inspect, audit, and use in
human-centred enforcement workflows.

III. RELATED WORK

Greenwashing detection has evolved from keyword-based
sentiment analysis flagging gaps between stated commitments
and corporate actions [2] to transformer-based classifiers
applied to ESG disclosures [3]. The Environmental Claims
Dataset [4] provides a benchmark for binary classification
of legitimate versus potentially misleading claims, and re-
cent work has extended this to sentence-level annotation
and domain-adapted language models [5], [6]. Despite this
progress, existing approaches remain classification-centred:
they optimise predictive accuracy without addressing trans-
parency for regulatory use or integration into enforcement
workflows.

The Multi-Agent Systems (MAS) literature offers con-
ceptual tools to move beyond this limitation by modelling
heterogeneous actors with conflicting objectives in regulatory
settings [7]. Applied to algorithmic decision-making, this

tradition demonstrates that decisions cannot be assessed at the
prediction point alone but must be traced across entire decision
pipelines [8], [9]. Strategic regulation models further show
how the design of detection mechanisms shapes the disclosure
behaviour of regulated entities, an incentive effect that purely
technical classifiers ignore [10].

Producing outputs fit for multi-stakeholder pipelines re-
quires explainability guarantees. SHAP offers model-agnostic
feature attributions grounded in cooperative game theory [11],
while Integrated Gradients provide gradient-based attributions
satisfying axiomatic completeness [12]. Faithfulness tests,
including deletion and occlusion protocols, assess whether
attributed features are genuinely decision-driving rather than
post-hoc rationalisations [13], [14].

Our work integrates these three strands in a way that none
does individually. We conceptualise greenwashing detection
as a multi-agent governance problem, explicitly modelling
the feedback loops between Al outputs, regulatory decisions,
and corporate disclosure behaviour that classification-centred
approaches overlook. On this foundation, we build a screening
pipeline that embeds explainability as a first-class design
requirement, producing outputs that regulators can inspect,
challenge, and act upon within accountable enforcement work-
flows.

IV. PROBLEM DEFINITION AND MULTI-AGENT PIPELINE

We define greenwashing detection as the assessment of
whether an environmental claim is credible, misleading, or
insufficiently supported in its governance context. A claim
becomes problematic not solely because of its wording, but
when the statement, omitted evidence, company incentives,
and likely stakeholder interpretation collectively create a risk
of distorted environmental judgement. The operational input
is a corporate ESG claim, optionally paired with metadata
such as sector, region, and company type; the desired output
is a governance-ready risk report comprising a greenwashing
probability, salient textual explanations, uncertainty indicators,
and sufficient evidence for human review—not merely a binary
label.

This formulation carries two design imperatives. First, the
objective must prioritise recall, since missed greenwashing
misdirects capital and weakens environmental accountability.
Second, explanations are mandatory, since regulators must
justify why a claim is suspicious. Greenwashing detection
is therefore modelled as a socio-technical decision problem
embedded in a multi-agent governance system. We use the
Environmental Claims Dataset [4] as the benchmark corpus:
it contains approximately 3,000 sentence-level ESG statements
annotated as legitimate or potentially misleading, with a
positive (greenwashing) rate of roughly 40%, drawn from
corporate reports across multiple sectors.

We define six agents in the pipeline. The Company gener-
ates sustainability disclosures and receives regulatory and mar-
ket feedback. The AI Screening System produces predictions,
risk scores, and explanations as an accountable intermediary.
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Fig. 1. Multi-agent greenwashing detection pipeline. Solid arrows represent
decision and action flows; dashed arrows represent feedback loops. The
Regulator acts as the central hub, integrating Al-generated risk reports and
mediating between corporate, market, societal, and environmental actors.

The Regulator uses risk reports to clear, investigate, or sanc-
tion claims. Investors react to compliance signals through cap-
ital allocation, reinforcing or weakening deterrence. Society
and NGOs exercise oversight through transparency demands
and complaints. The Environment represents ecological out-
comes determined by enforcement quality and the cumulative
effect of undetected harm.

Figure 1 presents the hub-and-spoke architecture. Company
disclosures flow to the AI Screening System, which sends ex-
plained risk reports to the Regulator. Regulatory decisions then
propagate to investors, environmental outcomes, and public
transparency, while investor pressure and societal complaints
form closing feedback loops.

V. EXPLAINABILITY AND FAITHFULNESS

To produce outputs usable in regulatory workflows, the Al
component combines two complementary attribution methods
validated through a faithfulness test. SHAP assigns token-
level contribution values derived from Shapley values, indi-
cating which words drive the model toward or away from a
greenwashing prediction; its model-agnostic nature supports
broad regulatory auditability [11]. Integrated Gradients (IG)
accumulates gradients from a neutral baseline to the actual
input, providing model-faithful sensitivity analysis satisfying
axiomatic completeness [12]. The two methods serve distinct
audit purposes: SHAP for broad regulatory inspection, IG for
model-faithful validation by technical reviewers.

Faithfulness is evaluated through top-k deletion: the k&
highest-attribution tokens are masked, and the resulting proba-
bility drop is compared against randomly masked tokens using
a paired t-test. A significantly larger drop under top-k£ masking

TABLE I
CLASSIFICATION PERFORMANCE ON THE ENVIRONMENTAL CLAIMS

DATASET
Metric WCE (ours)
Recall (%) 95.5
False-Neg. Rate (%) 4.5
Precision (%) 771
Fl1-score (%) 85.3
Accuracy (%) 91.7
TABLE 11
FAITHFULNESS EVALUATION (TOP-k VS. RANDOM TOKEN DELETION,
k =10)
Metric SHAP 1G
Top-k drop (Ap) 0.41 £0.12 0.38 £0.15
Random drop (Ap)  0.09 + 0.05 0.08 £ 0.06
p-value < 0.001 < 0.01
Coverage All samples  High-conf. subset

confirms that attributed features are genuinely decision-driving
rather than post-hoc rationalisations [13], [14].

VI. EXPERIMENTAL SETUP AND RESULTS

We train a cost-sensitive DistilBERT classifier [15] on the
Environmental Claims Dataset using a weighted cross-entropy
(WCE) loss, assigning higher cost to false negatives to reflect
their greater governance harm. Training uses AdamW with
learning rate 2 x 107>, batch size 16, 5 epochs, and early
stopping on validation recall. We report recall, precision, F1-
score, false-negative rate, and top-k deletion probability drops.

Table I reports classification performance. The WCE ob-
jective achieves a recall of 95.5% with a false-negative rate
of only 4.5%, at a moderate precision of 77.1%—a trade-off
consistent with the governance priority of minimising missed
greenwashing instances.

Table II shows statistically significant faithfulness for both
methods: top-k deletion causes larger probability drops than
random deletion (p < 0.01, where p is the probability of ob-
taining a result at least as extreme under the null hypothesis of
no attribution effect). SHAP attributions are consistent across
all samples; IG attributions are strongest on high-confidence
predictions, making the two methods complementary rather
than redundant.

VII. DISCUSSION

The multi-agent pipeline positions the Al system as an
accountable intermediary: regulators retain authority while
the system provides risk scores and auditable explanations,
meeting transparency and human oversight requirements that
classification-only approaches cannot satisfy. For companies,
explainable screening increases the reputational cost of cos-
metic ESG disclosure; for investors, compliance signals im-
prove capital allocation decisions.

The complementary SHAP/IG design ensures that expla-
nations serve regulators, auditors, and technical reviewers



simultaneously, directly operationalising the multi-actor ac-
countability requirements identified in the governance model.
SHAP provides consistent attribution across all samples for
broad regulatory inspection, while IG offers deeper model-
faithful validation on high-confidence predictions—together
covering the full range of audit needs the pipeline is designed
to support.

Several limitations remain. The Environmental Claims
Dataset is relatively small, which may constrain generalisation
across sectors and languages; scaling to larger, multi-sector
corpora is a direct priority for future work. More broadly,
operational deployment would require agent-behaviour sim-
ulation, regulatory integration, and validation on longitudinal
and multi-modal ESG data.

VIII. CONCLUSION

This paper conceptualises greenwashing detection as a
multi-agent governance problem and proposes an Al screening
pipeline designed for that context. Six agents and their inter-
action flows—corporate disclosure, Al risk reports, regulatory
action, market response, public oversight, and environmental
impact—are explicitly modelled. The Al component combines
cost-sensitive DistilBERT classification with SHAP, IG, and
faithfulness testing, producing outputs that regulators can
inspect, challenge, and act upon. The results demonstrate
that greenwashing detection demands governance-aware Al
design: systems whose objectives and transparency properties
are derived from the multi-stakeholder context in which their
outputs will propagate.
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