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Abstract

This research introduces a novel, hybrid artificial intelligence methodology for the system-

atic extraction, classification, and quantification of climate-related financial risk disclosures

from corporate annual reports and financial statements. While the integration of environ-

mental, social, and governance (ESG) factors into financial analysis is gaining prominence,

existing approaches remain largely manual, qualitative, and inconsistent, creating significant

information asymmetry. This paper addresses this gap by proposing an original framework

that synergistically combines rule-based natural language processing (NLP) for precise clause

identification with a transformer-based deep learning model, specifically adapted for finan-

cial semantic similarity, to categorize disclosures according to a novel, granular taxonomy of

climate risks. This taxonomy, a key contribution, moves beyond broad categories to distin-

guish between physical risks (acute vs. chronic), transition risks (policy, technology, market,

reputational), and liability risks, further classifying them by time horizon and financial mate-

riality. We train and validate our model on a unique, hand-annotated corpus of 1,500 annual

reports from SP 500 companies spanning 1995-2004, a period preceding mainstream ESG re-

porting mandates, allowing us to trace the nascent evolution of such disclosures. Our results

demonstrate that the hybrid AI system achieves a 92.7% F1-score in disclosure detection

and an 88.4% accuracy in multi-label risk classification, significantly outperforming stan-

dard keyword search and generic sentiment analysis tools. The quantitative output reveals

previously unobserved patterns: early disclosures (pre-2000) are overwhelmingly narrative

and focused on generic reputational risks, while a statistically significant shift (p ¡ 0.01) oc-

curs post-2000 towards more quantifiable disclosures of regulatory and technology transition

risks, particularly in energy and manufacturing sectors. Furthermore, we establish a novel

’Climate Risk Disclosure Score’ (CRDS) and find a weak but emerging positive correlation

(r = 0.18, p ¡ 0.05) with subsequent stock price volatility for high-carbon-intensity firms,

suggesting investors were beginning to price this information, albeit imperfectly. This work

provides the first scalable, auditable AI tool for longitudinal analysis of climate risk report-

ing, offering regulators, investors, and researchers a powerful means to assess transparency,

compare practices, and investigate the financial materiality of climate-related disclosures in

the era preceding contemporary reporting standards.
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1 Introduction

The intersection of climate science and financial economics presents a complex, emerging frontier

for computational analysis. Traditionally, corporate financial statements have been repositories

of historical, quantifiable data, governed by established accounting principles. However, the

systemic, forward-looking, and often non-linear nature of climate-related risks challenges this

paradigm. Prior to the formalization of frameworks like the Task Force on Climate-related

Financial Disclosures (TCFD), corporate communication of such risks was ad hoc, embedded

within narrative sections like Management’s Discussion and Analysis (MD&A), and resistant

to traditional quantitative analysis. This created a significant gap: a growing understanding

of physical and economic climate impacts existed in scientific domains, but its translation into

actionable, comparable financial intelligence was opaque. Existing research in the early 2000s
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relied heavily on manual content analysis or simplistic keyword counts, methods that are not

scalable, lack nuance, and fail to capture context and materiality.

This paper posits that the application of advanced, hybrid artificial intelligence can fun-

damentally alter this landscape. We argue that the problem is not merely one of information

retrieval but of semantic understanding and financial contextualization within an unstructured

textual corpus. Our research is driven by two primary, novel questions: First, can a purpose-

built AI system reliably and granularly identify and classify climate risk disclosures in financial

reports from the pre-mandate era (1995-2004), a period critical for understanding the baseline

of voluntary reporting? Second, what latent patterns and correlations between disclosure char-

acteristics and financial metrics can such a system uncover, revealing how markets began to

process climate information before it became a mainstream concern?

The originality of this work is threefold. Methodologically, we depart from generic text

mining by developing a hybrid architecture that marries the precision of financial linguistic

rules with the contextual power of a deep learning model fine-tuned on financial language, an

approach not previously applied to climate disclosures. Theoretically, we contribute a novel,

multi-dimensional taxonomy for climate financial risks that provides a more nuanced lens than

contemporary binary classifications. Empirically, we analyze a historical window that has been

largely overlooked, providing a unique longitudinal dataset that serves as a crucial baseline for

assessing the evolution and effectiveness of subsequent climate reporting regimes. By bridging

computational linguistics, financial accounting, and climate economics, this research offers a

new tool and a new perspective for assessing corporate transparency in the Anthropocene.

2 Methodology

Our methodology is constructed as a sequential, hybrid AI pipeline designed to transform un-

structured financial text into structured, analyzable data on climate risk disclosures. The pro-

cess consists of four core stages: corpus construction and annotation, document pre-processing

and clause isolation, hybrid AI classification, and quantitative metric synthesis.

The foundational element is the creation of a proprietary, hand-annotated corpus. We col-

lected the complete annual reports (Form 10-Ks) for all SP 500 companies for each year from

1995 to 2004, focusing on the MD&A, risk factors, and business description sections. This re-

sulted in approximately 1,500 documents. A team of three domain experts (with backgrounds

in finance, environmental science, and accounting) annotated this corpus using a novel, detailed

annotation schema we developed. This schema defines a climate risk disclosure as any state-

ment that explicitly or implicitly links a climate-related driver (e.g., greenhouse gas regulation,

extreme weather, shift in consumer preference) to a current or potential financial impact on

the firm (e.g., cost increase, asset impairment, revenue loss, litigation expense). Each identi-

fied disclosure is tagged with multiple labels from our hierarchical taxonomy: Primary Risk

Type (Physical-Acute, Physical-Chronic, Transition-Policy, Transition-Technology, Transition-

Market, Transition-Reputational, Liability), Time Horizon (Short-term ¡2 years, Medium-term

2-10 years, Long-term ¿10 years), and Disclosure Nature (Narrative/Qualitative, Quantita-

tive/Monetary, Scenario-Based).
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The second stage involves intelligent text pre-processing. Instead of analyzing whole docu-

ments, we employ a rule-based NLP module to isolate candidate clauses. This module uses a

combination of syntactic patterns (e.g., looking for sentences containing financial impact verbs

like ”increase costs,” ”impair assets,” ”adversely affect” near climate-related noun phrases) and

a curated financial lexicon to extract text segments likely to contain material disclosures. This

step drastically reduces noise and focuses the subsequent deep learning model on relevant text

spans.

The core innovation lies in the third stage: the hybrid classification model. We implement

a two-tier system. Tier 1 is a binary classifier that determines if a candidate clause is a genuine

climate risk disclosure. For this, we fine-tune a transformer-based model, specifically an archi-

tecture inspired by early sequential attention mechanisms, on our annotated data. We pre-train

this model on a large corpus of general financial news and SEC filings from 1990-2004 to embed

financial semantic understanding. Tier 2 is a multi-label, multi-class classifier that assigns the

taxonomy labels from our schema to clauses identified as disclosures. This model uses a hierar-

chical attention network that first identifies the primary risk type and then, through connected

layers, determines the subsidiary attributes like time horizon. The hybrid nature stems from

the fact that the input to these neural models is not raw text but text enriched with features

from the initial rule-based module (e.g., flagging the presence of specific monetary terms, regu-

latory names), creating a feature vector that blends learned representations with expert-derived

signals.

Finally, the output of the classification pipeline is aggregated to the firm-year level to cre-

ate a panel dataset. We synthesize several novel metrics, most importantly the Climate Risk

Disclosure Score (CRDS). The CRDS is a weighted composite index that reflects the volume,

specificity, and materiality of a firm’s disclosures in a given year. It assigns higher weights

to quantitative and scenario-based disclosures concerning medium- and long-term transition

and physical risks, as per our hypothesis that these represent more substantive engagement

with the issue. This quantitative dataset is then merged with standard financial data (stock

prices, volatility, sector classification, carbon intensity estimates) to enable correlational and

time-series analysis, allowing us to test for associations between disclosure characteristics and

market outcomes.

3 Results

The performance evaluation of our hybrid AI system yielded highly promising results. On a

held-out test set of 300 annotated documents, the binary disclosure detection model (Tier 1)

achieved a precision of 93.5%, a recall of 91.9%, and an F1-score of 92.7%. This significantly

outperformed a strong keyword-search baseline (F1=74.2%) and a standard off-the-shelf sen-

timent analyzer (F1=61.8%). The multi-label classification model (Tier 2) attained a mean

accuracy of 88.4% across all taxonomy labels, with particularly high performance (above 90%)

in distinguishing between Physical and Transition risks. The system’s ability to identify quan-

titative disclosures showed a precision of 89.1%, demonstrating its utility in extracting rare but

high-value information.
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Applying the validated model to the full historical corpus (1995-2004) revealed striking

evolutionary patterns in climate risk reporting. The overall prevalence of disclosures increased

by approximately 300% over the decade, but from a very low base. Prior to the year 2000, over

85% of disclosures were purely narrative and classified as ’Reputational-Transition’ risks, often

couched in vague language about corporate responsibility. A statistically significant structural

break (identified via Chow test, p ¡ 0.01) occurred around the year 2000. Post-2000, we observed

a marked rise in disclosures related to ’Policy-Transition’ risks (e.g., mentions of the Kyoto

Protocol, potential carbon taxes) and ’Technology-Transition’ risks, particularly in the Energy

and Utilities sectors. Quantitative disclosures, though still rare (representing less than 10% of

all disclosures by 2004), began to appear, primarily in the context of capital expenditure for

emissions control equipment or estimates of compliance costs.

Sectoral analysis uncovered pronounced heterogeneity. The Energy, Materials, and Utilities

sectors were early and relatively detailed disclosers, primarily on transition risks. In contrast,

the Financials and Information Technology sectors showed minimal disclosure until the very

end of the period, and their disclosures remained almost exclusively narrative. This aligns with

the differential exposure to direct climate-related impacts perceived at the time.

The financial analysis based on the derived CRDS metric produced our most novel finding.

For a sub-sample of firms in high-carbon-intensity sectors, we regressed the annual CRDS against

the firm’s stock return volatility (measured as the standard deviation of daily returns) in the

following year, controlling for size, leverage, and overall market volatility. The regression yielded

a positive and statistically significant coefficient (beta = 0.18, p ¡ 0.05, adjusted R-squared

= 0.32). This suggests that firms providing more substantive, forward-looking climate risk

disclosures in this era were associated with slightly higher subsequent stock price volatility.

This correlation, while modest, is intriguing. It contradicts a simple ’transparency reduces

uncertainty’ hypothesis and may indicate that detailed disclosures themselves introduced new,

complex information that the market struggled to price efficiently, or that they signaled exposure

to unresolved, high-variance future states. This finding provides a unique empirical snapshot of

the market’s nascent and imperfect digestion of climate risk information.

Table 1: Performance Comparison of Disclosure Detection Methods

Method Precision (%) Recall (%) F1-Score (%)

Keyword Search Baseline 81.5 68.2 74.2
Generic Sentiment Analyzer 58.7 65.4 61.8
Our Hybrid AI Model 93.5 91.9 92.7

4 Conclusion

This research has demonstrated the feasibility and utility of applying a novel hybrid artificial in-

telligence framework to the historically challenging problem of analyzing climate risk disclosures

in financial statements. By developing a methodology that combines expert financial linguis-

tics with adaptable deep learning, we have created a tool capable of converting unstructured,

voluntary narrative into structured, analyzable data at scale. Our granular taxonomy and the
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Table 2: Evolution of Climate Risk Disclosure Types (1995-2004 Aggregate)

Primary Risk Type Pre-2000 (% of total) Post-2000 (% of total)

Physical - Acute 2.1 8.7
Physical - Chronic 1.5 5.4
Transition - Policy 5.8 24.3
Transition - Technology 3.2 18.9
Transition - Market 4.1 12.5
Transition - Reputational 82.1 28.4
Liability 1.2 1.8

resulting Climate Risk Disclosure Score (CRDS) provide a more nuanced lens through which to

view corporate climate reporting than previously available.

The original contributions of this work are manifold. Methodologically, we have pioneered a

hybrid AI approach specifically tailored for the semantic and contextual complexities of financial

environmental disclosure. Empirically, we have generated unique insights into a critical decade

of voluntary reporting, documenting a clear shift from vague reputational concerns to more

concrete analyses of policy and technology transition risks following the turn of the millennium.

Perhaps most originally, our finding of a positive correlation between disclosure quality and

subsequent stock volatility for high-impact firms offers a provocative counter-narrative to con-

ventional wisdom, suggesting that in the early stages of a systemic risk’s recognition, detailed

disclosure may initially amplify perceived uncertainty rather than resolve it.

This study has several implications. For regulators, it provides an evidence-based benchmark

of pre-mandate reporting, against which the effectiveness of newer frameworks like TCFD can

be measured. For investors, it demonstrates the potential of AI to audit and compare climate

transparency consistently across portfolios and over time. For researchers, it opens new av-

enues for longitudinal studies on the financial materiality of ESG factors using computationally

rigorous methods.

Limitations of the current work include the focus on a specific historical period and a single

jurisdiction (U.S. SEC filings). Future research will involve applying the model to contemporary

global reports, integrating it with numerical ESG data, and exploring causal inference techniques

to better understand the disclosure-volatility relationship. In conclusion, this paper establishes

AI not merely as an analytical tool, but as a foundational technology for building a more

transparent and resilient financial system in the face of climate change, by illuminating the past

to better inform the future.
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