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Abstract

Risk factor disclosures in corporate filings are widely analyzed for their informational content, yet their
usefulness for operational governance remains underexplored. This paper introduces risk actionability
as a distinct concept from risk presence and proposes an interpretable, agent-based pipeline for
assessing whether disclosed risks support intervention-oriented decisions. Operating at the paragraph
level on SEC Form 10-K and 10-Q risk factors, the agent assigns risk attributes and maps disclosures
to pass, review, or escalate states. We introduce the Intervention Load Index and Actionability Gap
to quantify human oversight demand implied by disclosures. Empirical results show that disclosure
severity does not reliably predict intervention needs, and that conservative disclosure styles can
suppress actionable signals. A failure case highlights limitations arising from disclosure sparsity.

Keywords: interpretable Al rule-based agents; text-based risk assessment; human-in-the-loop systems;
decision-centric modeling

1. Introduction

Risk factor disclosures in U.S. public company filings are a central channel through which firms
communicate uncertainties to regulators, auditors, and investors. In Form 10-K, issuers are required to
disclose material risk factors under Item 1A, while Form 10-Q focuses on material changes relative
to the most recent annual disclosure, making these sections a standardized and recurring corpus
of narrative risk statements across firms and time [1-3]. Prior research has shown that narrative
text in 10-K filings contains economically meaningful signals and can be systematically analyzed at
scale, motivating a growing literature on computational analysis of financial disclosures [4]. Studies
of mandated risk factor disclosures further suggest that such statements can be firm-specific and
informative rather than purely boilerplate [5].

Despite this progress, most existing work evaluates risk disclosures in terms of information
content, market reactions, or predictive power, rather than their usefulness for operational governance.
Textual risk measures have been linked to outcomes such as volatility, returns, and litigation risk
[6,7], yet these analyses largely treat risk disclosure as an input to statistical inference rather than as
a trigger for concrete oversight actions. In regulatory and auditing contexts, however, the practical
question is not only whether risks are disclosed, but whether the disclosed statements meaningfully
support intervention decisions such as escalation, targeted review, or dismissal. As a result, extensive
or cautious disclosures may appear informative while still failing to produce actionable signals for
governance.

In this paper, we introduce risk actionability as a distinct concept from risk presence and study
whether disclosed risks support intervention-oriented decision making. We propose a transparent
agent-based pipeline that processes SEC 10-K and 10-Q risk factor texts at the paragraph level, assigns
risk attributes including severity and type, and maps each paragraph to one of three decision states:
PASS, REVIEW, or ESCALATE. The agent logic is intentionally simple and rule-based, allowing
decision outcomes to be directly audited and interpreted. Building on agent outputs, we introduce two
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metrics—Intervention Load and Actionability Gap—to quantify how disclosure structure translates
into governance-relevant actions rather than abstract risk indicators.

Using risk factor disclosures from major technology firms, we demonstrate that disclosure inten-
sity and actionability can diverge substantially. Firms with more extensive or cautious disclosures do
not necessarily exhibit higher intervention demand, and conservative disclosure styles may suppress
agent-driven differentiation across risk statements. A failure case study on NVIDIA further illustrates
a disclosure-limited regime in which risk statements are highly abstract and forward-looking, resulting
in sparse actionable signals despite the presence of material uncertainties. Together, these findings
highlight that actionability is jointly shaped by disclosure practices and decision logic, and cannot be
inferred from risk volume or severity alone.

2. Related Work
2.1. Textual Analysis of Financial Disclosures

A large body of prior work studies the informational content of financial disclosures using
textual analysis. Early research demonstrates that narrative sections of corporate filings, particularly
Form 10-K, contain economically meaningful signals beyond traditional numerical indicators [4].
Subsequent studies develop domain-specific dictionaries and statistical models to extract measures of
risk sentiment, uncertainty, and tone, and link them to outcomes such as stock returns, volatility, and
firm performance [8]. More recent work applies machine learning and natural language processing
techniques to predict firm-level risk and market reactions directly from disclosure text [6]. While these
approaches establish the value of textual risk analysis, they primarily treat disclosure text as input for
prediction or inference rather than as a basis for operational decision making.

2.2. Risk Factor Disclosures and Regulatory Context

Another line of research focuses specifically on mandated risk factor disclosures and their regula-
tory implications. Studies show that risk factor statements under Item 1A of Form 10-K are informative,
firm-specific, and associated with litigation risk and information asymmetry [5]. Related work exam-
ines how firms update risk disclosures over time and how such changes reflect evolving risk exposures
[9]. These studies emphasize compliance and informativeness, but generally evaluate disclosures
in terms of completeness, novelty, or market impact. Less attention has been paid to whether the
structure and phrasing of risk disclosures support downstream governance actions such as escalation
or targeted review by regulators and auditors.

2.3. Agents and Decision Support in Financial Text Analysis

Recent research explores automated decision support systems and agents for financial text analysis,
including applications in auditing, compliance, and regulatory technology. Prior work highlights the
importance of transparency and interpretability in such systems, particularly in high-stakes financial
settings [10]. Rule-based and weakly supervised approaches are often favored in these contexts due to
their auditability and alignment with institutional processes [11]. However, existing systems typically
focus on classification or anomaly detection tasks rather than on explicitly modeling intervention-
oriented decision states. In contrast to predictive or black-box approaches, this paper examines how
simple, interpretable agent logic interacts with disclosure practices to shape the actionability of risk
statements.

3. Methodology: Agent-Based Risk Assessment Pipeline

This section presents an agent-based pipeline designed to assess the actionability of corporate
risk disclosures at the paragraph level. The pipeline transforms unstructured textual disclosures into
structured decision signals that indicate whether human intervention is required. An overview of the
proposed pipeline is shown in Figure 1.
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Figure 1. Agent-Based Pipeline for Risk Actionability Analysis
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Figure 1. Agent-based pipeline for risk disclosure analysis. The pipeline segments SEC risk disclosures into
paragraph-level units, assigns severity and risk type attributes, maps each paragraph to an intervention decision
(PASS, REVIEW, ESCALATE), and aggregates decisions into firm-level actionability metrics.

3.1. Pipeline Overview

The pipeline consists of four sequential stages: paragraph segmentation, risk attribute annotation,
agent decision-making, and document-level aggregation. Each stage is modular and interpretable,
enabling transparent analysis of how raw disclosures are transformed into intervention signals.

Given a corporate disclosure document (e.g., an annual risk factors section), the text is first
segmented into semantically coherent paragraphs. Each paragraph is then independently processed
by the agent to avoid conflating heterogeneous risk statements. The agent assigns structured risk
attributes to each paragraph and produces a discrete decision indicating whether human oversight is
required.

3.2. Paragraph-Level Processing

Paragraphs are chosen as the unit of analysis because they typically correspond to a single risk
theme or conditional statement in regulatory disclosures. Compared to sentence-level processing,
paragraph-level analysis preserves contextual coherence, while avoiding the ambiguity and dilution
that arise in document-level classification.

Each paragraph is treated as an independent input instance, allowing the agent to generate
fine-grained intervention signals that can later be aggregated across the document.

3.3. Risk Attribute Annotation

For each paragraph, the agent assigns two categorical attributes:

e  Risk Severity, representing the potential impact of the disclosed risk. Severity is discretized into
three ordered levels: Low, Medium, and High.

e  Risk Type, representing the thematic category of the risk. Examples include regulatory and legal
risk, operational risk, technological risk, financial risk, and human capital risk.

These attributes are derived from the content of the paragraph and are intended to capture how
serious the risk is and what domain it pertains to, without relying on quantitative financial forecasts.

3.4. Agent Decision Logic

Based on the annotated risk severity and risk type, the agent produces a discrete intervention
decision with three possible outcomes:

*  ESCALATE: The paragraph indicates a risk that requires mandatory human intervention.
¢  REVIEW: The paragraph warrants secondary inspection or sampling-based review.
*  PASS: The paragraph does not require immediate human attention.

The decision logic is rule-based and deterministic, designed to be transparent and auditable.
High-severity risks are always escalated, while medium-severity risks may trigger review depending
on their thematic category. Low-severity risks are typically passed without intervention. This design
prioritizes interpretability and governance alignment over predictive optimization.
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3.5. Output Representation and Aggregation

For each document, the agent produces a set of paragraph-level annotations and decisions. These
outputs can be aggregated to derive document-level statistics, such as severity distributions, decision
mixes, and intervention rates. Importantly, aggregation is performed only after paragraph-level
decisions are finalized, ensuring that individual risk signals remain traceable.

The resulting structured outputs enable systematic comparison across documents and organiza-
tions, and form the basis for the empirical analysis presented in subsequent sections.

4. Results

This section presents empirical results obtained by applying the proposed agent-based pipeline
to corporate risk disclosures. We evaluate the distribution of annotated risk severity, agent decision
outcomes, and derived intervention signals across firms. All experiments are conducted at the
paragraph level using risk factor disclosures from SEC filings, consistent with prior work on regulatory
text analysis [? ? ].

4.1. Severity and Risk Structure Analysis

We first examine the distribution of annotated risk severity levels for Apple Inc. (AAPL) and
Micron Technology (MU). Figure 2 compares the proportion of paragraphs classified as Low, Medium,
and High severity for each firm.

Figure 2. Severity Distribution of Disclosed Risks (AAPL vs MU)
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Figure 2. Severity distribution of disclosed risks for AAPL and MU.

As shown in Figure 2, both firms predominantly disclose risks categorized as Low severity. How-
ever, AAPL exhibits a noticeably higher share of Medium and High severity statements compared to
MU. Specifically, High severity disclosures account for a larger fraction of AAPL’s risk paragraphs, sug-
gesting a more granular articulation of potential adverse outcomes. In contrast, MU’s disclosures are
more heavily concentrated in the Low severity category, reflecting a more conservative or generalized
disclosure style.

These differences highlight that severity distributions alone do not directly translate to interven-
tion demand, motivating further analysis of agent decision outcomes.

To analyze how risk categories interact with severity, Figures 3present heatmaps of risk type
versus severity for AAPL and MU, respectively.
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Figure 3A. Risk Type x Severity (AAPL) Figure 3B. Risk Type x Severity (MU)
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Figure 3. Risk type by severity heatmaps for AAPL and MU.

For both firms, technology and regulatory risks dominate the disclosure volume. AAPL demon-
strates a broader dispersion across severity levels within these categories, including non-trivial counts
of Medium and High severity statements. MU, by contrast, concentrates most risk types at Low
severity, with relatively sparse High severity disclosures across categories.

These patterns suggest that AAPL provides more differentiated severity signaling across risk
types, while MU’s disclosures emphasize breadth over depth.

4.2. Agent Decision Outcomes and Intervention Patterns

Figure 4 summarizes the agent’s paragraph-level decisions for both firms. Decisions are cate-
gorized as PASS (no human intervention), REVIEW (selective human verification), or ESCALATE
(mandatory human intervention).

Figure 4. Agent Decision Outcomes (AAPL vs MU)
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Figure 4. Agent decision outcomes for AAPL and MU.

Despite AAPL disclosing a higher proportion of Medium and High severity risks, the agent
escalates a larger share of AAPL paragraphs compared to MU. MU exhibits a higher PASS rate, with
fewer paragraphs flagged for REVIEW or ESCALATE.

This outcome indicates that higher disclosure severity does not mechanically imply higher
intervention demand. Instead, the interaction between severity, risk type, and agent decision logic
shapes the resulting intervention signals.

To further illustrate intervention patterns, Figure 5 presents the stacked decision mix for each firm.
AAPL exhibits a higher proportion of REVIEW and ESCALATE decisions relative to its Low severity
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disclosure share. This suggests that many paragraphs classified as Low severity still warrant human
attention due to contextual or categorical considerations. MU, by contrast, shows closer alignment
between Low severity disclosures and PASS decisions.

Figure 5. Decision Mix (PASS / REVIEW / ESCALATE) by Company
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Figure 5. Decision mix (PASS / REVIEW / ESCALATE) by company.

These results reveal a systematic divergence between disclosure severity and intervention demand,
underscoring the importance of modeling actionability explicitly rather than inferring it from severity
alone.

4.3. Intervention Load and Actionability Gap

To quantify the operational burden implied by agent decisions, we define the Intervention Load
Index (ILI) as the fraction of paragraphs requiring human attention:

LI — NREVIEW +NNESCALATE‘ 1)

Because ESCALATE typically incurs higher human cost than REVIEW, we also report a severity-weighted

variant:

N +0.5- N
[LL,, = - ESCALATE S REVIEW @)

To characterize the mismatch between disclosure severity and intervention outcomes, we further
define the Actionability Gap (AG) as:

AG = %PASS — %Low. 3

A larger AG indicates that a substantial fraction of Medium- or High-severity disclosures are still
auto-passed by the agent, whereas an AG close to zero suggests closer alignment between Low severity
labeling and automated decisions.

Table 1 reveals that AAPL imposes a substantially higher intervention burden than MU under
the same transparent decision logic, with ILIsey = 0.25 for AAPL compared to 0.149 for MU. Notably,
AAPL also exhibits a larger Actionability Gap (AG), indicating that a non-trivial portion of Medium-
and High-severity paragraphs are still auto-passed by the agent. This finding reinforces that disclosure
severity alone is insufficient to infer operational intervention demand, and that actionability emerges
from the interaction between disclosure style, risk categorization, and decision policy.
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Table 1. Intervention load and actionability gap across firms.

Company N Low (%) PASS (%) ILT ILLey AG

AAPL 86 58.1 68.6 0314 0250 105
MU 121 744 81.0 019 0149 6.6
NVDA 100 98.0 98.0 0.020 0.010 0.0

4.4. Failure Case Analysis: NVDA

Finally, we analyze NVIDIA (NVDA) as a failure case. As shown in Figure 6, NVDA’s disclosures
exhibit extremely low variance in severity and decision outcomes, with the vast majority of paragraphs
classified as Low severity and auto-passed by the agent.

Failure Case (NVDA): Severity Distribution Failure Case (NVDA): Agent Decision Outcomes
120 120
100 1 98.0 100 1
2 801 $ 80
[ L)
g g
£ 60 £ 601
[ [
= =4
& 401 & 40+
20 A 204
2.0 2.0
o - 0.0 o . 0.0
Low Medium High PASS REVIEW ESCALATE
Actionability Gap (NVDA)
WEAK-SIGNAL CASE
0.04 -

N paragraphs: 100

Valid(severity & decision): 100 (100.0%)

0.02 1 Decision counts: PASS=98, REVIEW=2, ESCALATE=0
Intervention rate (REVIEW+ESCALATE): 2.0%

PASS (%) — Low (%)

1 Interpretation:
: - Disclosures are minimal / highly cautious / abstract.
- The agent lacks actionable signals from the source text.
—0.021 - 'No escalation' # 'No risk' (disclosure-style effect).
—0.04 1

NVbA
Figure 6. Failure case: NVDA exhibits disclosure-style sparsity that limits agent actionability.

This pattern reflects disclosure-style sparsity rather than the absence of operational or strategic risk.
NVDA's risk statements are highly abstract and cautious, limiting the availability of actionable signals
at the paragraph level. Consequently, the agent produces minimal intervention recommendations.

This failure case highlights an important limitation of text-based actionability analysis: when
disclosures intentionally minimize specificity, agent-based systems may underestimate intervention
needs despite substantial underlying risk.

5. Conclusion

This paper proposes an interpretable, agent-based pipeline for assessing the actionability of
corporate risk disclosures at the paragraph level. Rather than treating disclosure severity as a proxy for
operational concern, the proposed framework explicitly models intervention-oriented decision states
(PASS, REVIEW, ESCALATE) and aggregates them into document-level indicators of human oversight
demand.

Through an empirical study of risk factor disclosures from multiple firms, we demonstrate
that disclosure severity distributions alone do not reliably predict intervention requirements. In
particular, Apple Inc. (AAPL) exhibits a higher intervention load than Micron Technology (MU)
despite comparable dominance of low-severity disclosures. This divergence is captured quantitatively
by the Intervention Load Index (ILI) and its severity-weighted variant, which reveal materially different
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human review burdens under identical decision logic. The Actionability Gap (AG) further highlights
systematic mismatches between low-severity labeling and automated pass decisions, underscoring
that actionability is shaped by disclosure structure and contextual risk signals rather than severity
annotations in isolation.

The failure case analysis of NVIDIA (NVDA) illustrates an important limitation of text-based
actionability assessment. Highly abstract and cautious disclosure styles can suppress paragraph-level
signals, resulting in minimal intervention recommendations even when substantive underlying risks
are likely present. This finding emphasizes that low intervention load should not be conflated with
low risk, and that disclosure practices themselves critically influence the effectiveness of automated
oversight tools.

Opverall, this work argues for a shift from severity-centric risk analysis toward intervention-aware
evaluation of corporate disclosures. By providing transparent, auditable metrics such as ILI and AG,
the proposed framework enables more faithful estimation of human oversight demand and offers a
practical foundation for integrating agent-based systems into regulatory, auditing, and compliance
workflows. Future work may extend this approach by incorporating temporal disclosure dynamics,
cross-document consistency checks, and adaptive decision policies calibrated to institutional risk

tolerance.
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