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Abstract: Capital and regulatory reporting in large banking institutions operates under supervisory expectations that demand 

reporting outcomes be accurate, transparent, traceable, and defensible under audit and examination. Although artificial 

intelligence (AI) can improve efficiency and analytic depth, black-box models create supervisory risk when they cannot be 

clearly explained, reproduced, and governed. This paper proposes a governance-aligned interpretable AI framework tailored 

for capital and regulatory reporting. The framework integrates controlled data preparation, policy-aligned regulatory logic, 

interpretable analytical techniques, and end-to-end governance artifacts across the reporting lifecycle. The approach enables 

responsible adoption of AI by preserving auditability, supporting independent validation, and aligning analytics with 

supervisory intent. 
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1. Introduction 
This paper introduces an interpretable AI framework designed specifically for capital and regulatory reporting. The 

contribution is a practical architecture that (1) preserves authoritative rule-based regulatory logic, (2) uses interpretable analytics 

to enhance transparency and root-cause explainability, and (3) embeds governance artifacts needed for supervisory defensibility 

[2], [4]. The framework is intended to be applied in regulated banking environments where explainability and audit readiness are 
non-negotiable requirements. Capital and regulatory reporting is a core supervisory control mechanism used to evaluate the 

safety and soundness of financial institutions. Regulatory programs governing capital adequacy and stress testing (for example, 

CCAR and related prudential requirements) require institutions to demonstrate not only accurate reported outcomes but also 

clear evidence of how those outcomes were produced [1], [2]. In practice, supervisory review evaluates traceability from reported 

figures back to underlying data sources, transformation logic, assumptions, and controls, consistent with BCBS 239 principles 

[1]. This expectation has expanded over time as reporting architectures have become more complex and as institutions have 

adopted distributed data platforms. 

 

In parallel, institutions are investing in AI and advanced analytics to improve operational efficiency, detect anomalies, and 

accelerate analytical insight. Yet, many machine learning approaches are not easily compatible with regulated reporting 

environments. When model behavior cannot be explained at an appropriate level of detail, supervisory confidence declines and 

the institution’s ability to defend outcomes under examination is impaired [3]. Model risk management expectations, including 
the need for independent validation, reproducibility, and controlled change management, further constrain the use of opaque 

models [2]. 

 

2. Materials and Methods 
The proposed approach is framed as a system architecture and operating model rather than a single predictive model. The 

method integrates interpretable analytics as a controlled layer within the reporting lifecycle, consistent with supervisory 
expectations for traceability and governance [1], [2]. This section describes the framework components, how they interact, and 

the governance mechanisms that ensure reproducibility and audit defensibility. 

 

2.1. Data and Inputs 

The framework assumes standard regulatory reporting inputs commonly available in large institutions: transactional 

records, reference data, counterparty and product attributes, risk parameters, scenario variables, and supporting metadata [1]. 

Inputs are treated as controlled datasets subject to access controls, data quality rules, and lineage capture. Where reporting 

depends on derived attributes, derivation logic is explicitly version-controlled and documented to enable reproduction across 

reporting cycles, in alignment with supervisory guidance [2]. 

 

2.2. Regulatory Logic Decomposition 

Regulatory requirements are decomposed into logic components that map supervisory intent to implementable rules. This 
decomposition includes policy- aligned transformations, controlled assumptions, and calculation steps that produce reportable 

measures [1], [2]. The decomposition is structured to support traceability such that each output measure can be linked to 

specific inputs, transformation steps, and assumptions, supporting supervisory challenge responses and independent validation. 
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2.3. Interpretable Analytics Layer Design 

Interpretable AI techniques are applied as transparent analytical overlays rather than replacements for authoritative 

calculations. Appropriate methods include decision trees, constrained regression, monotonic models, rule lists, and feature 

attribution techniques that produce human-understandable explanations [3], [4], [5]. Outputs from this layer are designed to be 

explainable at the feature level and reproducible under controlled data and parameter versions, supporting audit and validation 

requirements. 

 

2.4. Governance and Control Artifacts 

The method embeds governance artifacts across the lifecycle, including documentation of assumptions, lineage records, 

validation check outcomes, model cards for analytical components, change management approvals, and audit trails [2], [6]. 

These artifacts are treated as first-class deliverables to ensure that analytics remain defensible under examination and 

consistent with supervisory expectations. 

 

3. Results and Discussion 
3.1. Framework Architecture and Operational Flow 

The resulting framework architecture integrates four functional layers Data Sources, Data Preparation and Controls, 

Regulatory Logic, and Interpretable AI culminating in Reporting Outputs. A cross-cutting Governance and Explainability layer 

spans all components to ensure traceability, transparency, and audit readiness, consistent with BCBS 239 and SR 11-7 

expectations [1], [2]. 

 
Figure 1:  Interpretable AI Framework for Capital and Regulatory Reporting 

 

As shown in Fig. 1, controlled data sources feed a preparation layer that enforces standardization, validation, and lineage 

capture [1]. The Regulatory Logic layer then applies policy-aligned rules, including controlled assumptions and 

transformations, to produce authoritative measures [2]. The Interpretable AI layer evaluates data behavior and output drivers 

using transparent methods, producing explanations suitable for supervisory review [3], [5]. Reporting Outputs are generated 

through authoritative logic, while interpretability artifacts provide defensible rationale and traceability. 

 

3.2. Why Interpretability is Essential in Supervisory Environments 

Interpretability is essential because supervisory review requires more than correlation-based explanations; it requires a 

defensible mapping between regulatory intent and reported outcomes [2]. When examiners challenge a variance, an outlier, or a 

change in reported values across cycles, institutions must explain the drivers in a reproducible manner aligned to policy 
expectations [1]. Interpretable AI supports this by producing explanations that can be expressed as rules, feature contributions, 

or constrained relationships, consistent with regulatory governance principles [3], [4]. 

 

3.3. Governance, Validation, and Audit Defensibility 

A key benefit of the framework is that governance is embedded as an architectural requirement rather than an afterthought. 

Each analytical component is subjected to independent validation, including data integrity checks, explanation stability testing, 

and back-testing against historical reporting cycles [2]. Model documentation captures purpose, intended use, limitations, and 

change history, while audit trails record approvals and deployments, reducing remediation risk associated with undocumented 

model behavior [6]. 
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Validation checkpoints can be integrated at multiple stages pre-ingestion, post- standardization, post-regulatory-logic, and 

post-interpretability enabling proactive identification of issues before reports are finalized and strengthening supervisory 

confidence [1], [2]. 

 

3.4. Practical Implementation Patterns 

Implementation can follow a phased approach. Phase 1 applies interpretable analytics to variance explanation and data 
quality anomaly detection without altering authoritative calculations. Phase 2 integrates interpretable models to prioritize 

remediation and identify systemic drivers of recurring findings. Phase 3 extends the framework to controlled automation of 

diagnostics and exception handling, while maintaining governance and approval controls [3], [4]. Each phase preserves 

compliance by separating authoritative reporting logic from analytical overlays. 

 

3.5. Limitations and Risk Considerations 

The framework is not intended to justify the use of opaque models in reporting. Where predictive models are used for 

supporting analytics, they must remain interpretable or be paired with strong constraints and explanation artifacts acceptable 

under supervisory review [3]. Clear labeling, access controls, and governance approvals reduce the risk of inappropriate 

reliance on analytical outputs [2]. 

 

4. Conclusion 
Interpretable AI provides a practical pathway for integrating advanced analytics into capital and regulatory reporting without 

compromising supervisory transparency. The framework presented in this paper demonstrates how interpretability, policy-

aligned regulatory logic, and governance artifacts can be integrated into a layered architecture that supports traceability and audit 

defensibility, consistent with supervisory guidance [1], [2]. By treating explainability and governance as architectural 

requirements, institutions can modernize reporting operations while maintaining regulatory confidence. 
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