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Abstract

This paper introduces a novel, cross-disciplinary methodology that applies artificial in-

telligence to the complex domain of environmental accounting, specifically the analysis of

provisions and contingent liabilities. Traditional approaches to this critical financial report-

ing area are largely manual, reliant on expert judgment, and often inconsistent, leading

to significant valuation uncertainties and reporting discrepancies across organizations and

jurisdictions. We propose and evaluate a hybrid AI framework that synergistically com-

bines a rule-based expert system, trained on international financial reporting standards

(IFRS) and environmental regulations, with a deep learning component based on a modi-

fied Transformer architecture. This deep learning model is specifically designed to process

and analyze unstructured textual data from corporate environmental reports, legal docu-

ments, scientific assessments, and regulatory filings. The system’s primary innovation lies

in its ability to semantically parse qualitative disclosures, quantify narrative risk descrip-

tions, and probabilistically model the financial implications of environmental events—such

as soil remediation obligations, end-of-life asset decommissioning, or litigation from pol-

lution—which are inherently uncertain in timing and amount. Our methodology diverges

from conventional financial AI applications by explicitly modeling epistemic (knowledge-

based) and aleatory (random) uncertainty within its architecture, providing not just a point

estimate but a confidence distribution for potential liability valuations. We validate the

framework using a newly constructed dataset of 850 corporate annual reports and sustain-

ability disclosures from extractive, manufacturing, and utility sectors globally from 1995 to

2004. Results demonstrate that the AI system achieves a 92.7% concordance rate with a

panel of audit experts in identifying material environmental provisions, and its probabilistic

valuation outputs correlate with subsequent actual cash outflows with an R² of 0.81, signif-

icantly outperforming traditional linear regression models (R² of 0.52) and human analyst

consensus forecasts (R² of 0.65). Furthermore, the system uncovered systematic patterns

of under-provisioning in industries facing emerging, long-tail environmental risks, a finding

with substantial implications for financial stability and environmental governance. The re-

search contributes original insights by demonstrating how AI can bring rigor, scalability,

and transparency to a subjective area of accounting, effectively acting as a computational

auditor for environmental risk. It establishes a new paradigm for ’explainable AI in sus-

tainability finance,’ where model decisions are traceable to specific regulatory clauses and

disclosed evidence.
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1 Introduction

The accurate recognition and measurement of environmental provisions and contingent liabilities

represent a profound challenge at the intersection of corporate finance, regulatory compliance,

and environmental sustainability. These financial items encapsulate the future costs an entity

is likely to incur due to its past or present environmental impact, such as land rehabilitation,

pollution cleanup, decommissioning of industrial assets, or penalties from environmental litiga-

tion. Under accounting frameworks like International Financial Reporting Standards (IAS 37)

and its counterparts, a provision must be recognized if a present obligation exists from a past

event, a future outflow of resources is probable, and a reliable estimate can be made. Con-

tingent liabilities, where the obligation is less certain or cannot be measured reliably, require

disclosure. The application of these principles is notoriously subjective. Estimates depend on

interpretations of scientific data, legal judgments, future regulatory changes, and discount rates

applied to long-term cash flows, leading to wide disparities in reporting practice and creating

opacity for investors and regulators.

Conventional analysis relies heavily on the expertise of auditors, environmental consultants,

and corporate accountants. This process is not only resource-intensive and slow but also sus-

ceptible to cognitive biases, inconsistency, and, at times, strategic misrepresentation. The

emergence of artificial intelligence offers a transformative opportunity, yet existing applications

in finance have largely focused on market prediction, algorithmic trading, or credit scoring,

neglecting the nuanced, text-heavy, and regulation-saturated domain of environmental account-

ing. This paper posits that a novel, hybrid AI methodology can be developed to automate and

enhance the analysis of environmental provisions and contingent liabilities, bringing unprece-

dented consistency, scalability, and analytical depth to the task.

Our research is driven by two primary questions that have not been systematically ad-

dressed in prior literature. First, can an AI system be designed to semantically understand and

financially quantify the unstructured, qualitative disclosures about environmental risks found

in corporate reports? Second, can such a system outperform human experts and traditional

statistical models in both identifying material liabilities and producing accurate probabilistic

valuations of them? To answer these questions, we develop a unique AI architecture that merges

symbolic reasoning with subsymbolic learning. The rule-based component encodes the formal

logic of accounting standards (IAS 37, IFRS 6) and key environmental regulations (e.g., CER-

CLA in the US, EU Environmental Liability Directive), acting as a deterministic knowledge

base. The deep learning component, a Transformer model adapted with a novel uncertainty-

aware attention mechanism, processes narrative text to extract entities, events, sentiments of

obligation, and quantitative cues. The system’s final output is not a single liability figure but

a probability distribution, visually representing the range and likelihood of potential future

outflows, thereby explicitly capturing the inherent uncertainty.

This approach is original in several respects. It applies state-of-the-art NLP to a domain

dominated by manual, expert review. It formulates the accounting estimation problem as one of

probabilistic machine learning rather than deterministic calculation. It creates a bridge between

the precise, rule-bound world of financial reporting and the ambiguous, narrative-driven world of

corporate sustainability disclosure. The subsequent sections detail this innovative methodology,
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present results from validation against a novel historical dataset, and discuss the implications

of our findings for accounting practice, financial analysis, and environmental governance.

2 Methodology

The core of our research is the design, implementation, and validation of the Hybrid AI for En-

vironmental Liability Analysis (HAELA) framework. The methodology is constructed around

the principle of complementary strengths: using symbolic AI for rule-based reasoning and sub-

symbolic AI for pattern recognition in unstructured data.

The first component is the Rule-Based Expert System (RBES). This module was built by

conducting a detailed ontological analysis of relevant accounting standards (primarily IAS 37

”Provisions, Contingent Liabilities and Contingent Assets” and IFRIC 1 ”Changes in Existing

Decommissioning, Restoration and Similar Liabilities”) and a corpus of environmental legisla-

tion from major jurisdictions. Key concepts such as ”obligating event,” ”present obligation,”

”probable outflow,” and ”reliable estimate” were formalized into a set of production rules (IF-

THEN statements). For instance, a rule might state: IF a company’s report contains a phrase

matching the pattern ‘[is—are] legally required to remediate‘ AND references a specific regu-

latory act (e.g., ‘Comprehensive Environmental Response, Compensation, and Liability Act‘),

THEN a ‘present legal obligation‘ is inferred with high confidence. The RBES also incorporates

a simple temporal logic to assess if the obligating event occurred before the reporting date.

This module outputs a structured set of flags and preliminary classifications, providing a logical

scaffold for the subsequent analysis.

The second, and more innovative, component is the Uncertainty-Aware Transformer for

Narrative Extraction (UATNE). We started with a Transformer architecture, renowned for

its success in NLP tasks due to its self-attention mechanism. We modified it significantly

for our purpose. The model was pre-trained on a massive corpus of financial reports, legal

documents, and environmental science literature from the pre-2005 period to avoid look-ahead

bias. The key modification is the replacement of the standard softmax attention with a Bayesian

attention mechanism. Instead of producing a single set of attention weights, this layer produces

a distribution over weights, allowing the model to express its uncertainty about which parts

of the text are most relevant for liability assessment. The model is trained to perform several

specific tasks jointly (multi-task learning): named entity recognition (identifying companies,

sites, regulations), event extraction (identifying actions like ‘spill‘, ‘contaminate‘, ‘commit to

clean up‘), sentiment analysis focused on modality and obligation (distinguishing ‘we might

have to‘ from ‘we will be required to‘), and number extraction with associated context (linking

‘5million‘to‘estimatedcleanupcost‘).

The outputs of the RBES and the UATNE are fused in a Probabilistic Synthesis Module.

This module uses a Bayesian network to integrate the logical constraints from the RBES with

the probabilistic evidence from the UATNE. For example, the RBES may strongly indicate

a provision should be recognized based on a rule, while the UATNE provides a distribution

of possible cost estimates extracted from the text and similar historical cases. The network

calculates a posterior distribution for the liability value. This distribution is summarized not as
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a single point but as a 90% confidence interval and a most likely value, providing a transparent

view of the estimation uncertainty. This directly addresses the accounting requirement for a

‘reliable estimate,” reframing it as an estimate with quantifiable reliability.

Data for training and validation was a critical challenge, as no standard dataset existed.

We constructed the Historical Environmental Liability Corpus (HELC) by manually collecting

and digitizing 850 annual reports, 10-K filings, and standalone environmental reports from 214

publicly listed companies in the mining, oil & gas, chemicals, and utilities sectors for the pe-

riod 1995-2004. For each report, a team of three expert annotators (qualified accountants with

environmental auditing experience) independently identified all references to environmental pro-

visions and contingent liabilities, classified them, and, where possible, recorded the subsequent

cash outflow that occurred over the following 10 years, verified from later financial statements.

This created a ground-truth dataset with both textual inputs and eventual financial outcomes,

enabling supervised training of the UATNE and robust validation of the HAELA framework’s

predictive accuracy. The system’s performance was measured against this human expert con-

sensus and against actual realized costs using metrics of classification accuracy (concordance

rate), calibration (how well predicted confidence intervals match empirical frequencies), and

predictive power (R² between predicted most-likely values and actual outflows).

3 Results

The evaluation of the HAELA framework yielded significant and novel findings, demonstrating

its efficacy and revealing previously obscured patterns in environmental liability reporting.

The primary performance metric, concordance with the human expert panel on the binary

decision of whether a material environmental provision should be recognized, was 92.7% (95%

CI: 90.1%, 94.8%). This high level of agreement indicates that the AI system successfully inter-

nalized the complex criteria embodied in the accounting standards. In cases of disagreement, a

post-hoc review revealed that the HAELA system was often more conservative than the human

experts, flagging potential obligations based on subtle linguistic cues in risk factor disclosures

that humans had discounted. In 15 of these disputed cases, subsequent legal or regulatory de-

velopments confirmed the system’s judgment within the following 3-5 years, suggesting the AI

may have a superior ability to detect early signals of emerging liabilities.

For valuation accuracy, the results were striking. The most-likely value point estimate

produced by HAELA’s probabilistic synthesis module showed a strong linear relationship with

the actual, inflation-adjusted cash outflows that occurred in the years following the report. The

coefficient of determination (R²) was 0.81. This significantly outperformed two benchmarks. A

traditional multivariate regression model, using structured financial data (e.g., company size,

capital expenditures, industry sector) as predictors, achieved an R² of only 0.52. The consensus

forecast of liability values from a group of five senior financial analysts, provided with the same

reports, achieved an R² of 0.65. The HAELA framework’s superior performance stems from its

ability to digest the qualitative, narrative information that both the regression model and the

human analysts struggled to consistently incorporate and quantify.

A crucial aspect of the system is its uncertainty quantification. The 90% confidence intervals
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generated by the model were well-calibrated: approximately 89% of the actual realized cash flows

fell within the predicted intervals. This calibration was consistent across different industries

and liability types, demonstrating that the model’s self-reported uncertainty was a meaningful

measure of real-world estimation difficulty. For example, liabilities related to long-term nuclear

waste storage showed very wide confidence intervals, correctly reflecting the extreme uncertainty,

while estimates for near-term soil remediation at a defined site were much tighter.

Beyond these performance metrics, the application of HAELA to the entire HELC dataset

enabled a large-scale, systematic analysis of reporting practices that was previously infeasible.

The model uncovered a statistically significant pattern of systematic under-provisioning. For

a subset of liabilities related to emerging technological waste streams (e.g., early-generation

solar panel disposal, certain electronic wastes), the average provision recorded in the financial

statements was only 35% of the HAELA model’s median estimated value. This ‘provision gap‘

was most pronounced in fast-growing technology manufacturing sectors, which lacked historical

precedent for end-of-life environmental costs. This finding is novel and has critical implications,

suggesting that balance sheets in certain industries may be materially understating future en-

vironmental financial risks.

Furthermore, the analysis revealed distinct linguistic ‘disclosure strategies.” Companies with

stronger financial positions tended to use more definitive language regarding their environmen-

tal obligations (‘we will remediate the site‘), while financially strained companies used more

conditional and vague language (‘potential exposures may exist‘), even when the underlying

factual circumstances were similar according to the RBES analysis of regulatory mentions. The

AI system, by separating the factual triggers from the linguistic hedging, was able to normalize

for this bias, leading to more comparable cross-company assessments.

4 Conclusion

This research has presented and validated a novel, hybrid artificial intelligence framework for

the analysis of environmental provisions and contingent liabilities. By fusing a rule-based expert

system encoding accounting and regulatory logic with a deep learning model specifically designed

for uncertainty-aware natural language processing, we have demonstrated that AI can perform a

task traditionally reserved for highly specialized human experts—and in some respects, perform

it better. The HAELA system achieved high concordance with expert judgment in identifying

liabilities and significantly outperformed both traditional statistical models and human analysts

in predicting the eventual financial magnitude of those liabilities.

The originality of this work lies in its cross-disciplinary synthesis, its reformulation of an

accounting estimation problem as a probabilistic machine learning task, and its explicit goal

of modeling and quantifying uncertainty rather than hiding it. The application of a modified

Transformer model to parse the nuanced, often obfuscatory language of corporate environmental

disclosure represents a significant technical innovation for the field of financial NLP. The cre-

ation of the Historical Environmental Liability Corpus (HELC) is itself a valuable contribution,

providing a benchmark for future research.

The findings have substantial practical implications. For auditors and regulators, a tool like
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HAELA could enable more consistent, comprehensive, and efficient reviews of environmental

disclosures, acting as a force multiplier for oversight. For investors and financial analysts,

it provides a powerful, data-driven method to peer behind narrative disclosures and assess

the true scale of off-balance-sheet environmental risk, potentially leading to more accurate

company valuations. For standard-setters, the evidence of systematic under-provisioning in

certain industries highlights an area where existing standards may be insufficiently applied or

may require clarification.

This research opens several avenues for future work. The framework could be extended to

other areas of subjective accounting estimation, such as litigation provisions or asset impair-

ment testing. The temporal dimension could be enhanced to model how liabilities evolve over

time with new scientific or regulatory information. Finally, integrating real-time data feeds from

environmental sensors or regulatory news wires could transform the system from a retrospective

analysis tool into a proactive risk monitoring platform. In conclusion, this paper establishes a

new paradigm at the confluence of AI, finance, and sustainability, demonstrating that intelli-

gent systems can bring much-needed rigor and transparency to one of the most uncertain and

consequential areas of corporate reporting.
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