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Abstract
The increasing complexity of financial regulations has
created significant challenges for traditional
compliance  governance systems. Artificial
Intelligence (Al) offers enhanced capabilities for risk
detection, regulatory monitoring, and automated
compliance analysis; however, limited transparency
creates concerns regarding accountability and trust.
This research develops a conceptual framework for
Explainable AI (XAl)-enabled financial compliance
governance using secondary literature analysis. The
framework integrates Al compliance intelligence,
explainability mechanisms, and governance controls
to support transparent regulatory decision-making.
The study highlights how XAI can improve
auditability, decision justification, and responsible Al
adoption within enterprise financial environments.
Keywords: Explainable Al, Financial Compliance,
AI  Governance, Regulatory Decision-Making,
Compliance  Intelligence, Responsible Al
Auditability, Enterprise Governance.

I.  INTRODUCTION
Background and research context
Modern financial institutions operate within
increasingly complex regulatory environments shaped
by Basel I1I, GDPR, Anti-Money Laundering (AML)
regulations, SOX compliance, and ESG reporting
requirements. The rapid growth of transactional data,
cross-border financial activities, legacy ERP
infrastructures, and dependence on manual audits
create significant governance challenges. Traditional
compliance approaches based on predefined rules and
periodic assessments often lack real-time monitoring
capabilities, reducing the ability to proactively identify
emerging financial risks and ensure transparent
regulatory decision-making.
Evolution of Al in Financial Compliance
The evolution of financial compliance has progressed
from traditional rule-based systems toward intelligent
Al-enabled  approaches. Modern  compliance
frameworks increasingly integrate machine learning
for risk detection, natural language processing for
regulatory interpretation, knowledge graphs for
relationship mapping, and generative Al with
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Retrieval-Augmented Generation (RAG) to enhance
regulatory analysis, automation, transparency, and
decision-making capabilities.

Research Aim and Objectives

Research Aim

This research aims to develop a conceptual framework
demonstrating how Explainable Al can improve
transparency, accountability, and regulatory decision-
making within enterprise financial compliance
governance systems.

Research Objectives

o To analyze existing applications of Artificial
Intelligence in  enterprise  financial
compliance governance.

o 7o identify limitations of opaque Al-driven
regulatory decisions affecting transparency
and accountability.

o To examine the role of Explainable AI in
improving compliance transparency and
trust.

o To develop a conceptual framework
integrating XAI, regulatory intelligence,
and enterprise governance mechanisms for
trustworthy financial compliance.

Research Problem

Financial organizations increasingly implement Al-
driven compliance systems to improve regulatory
monitoring, risk identification, and operational
efficiency. However, many existing Al models
function as black-box mechanisms, limiting
understanding of automated decisions [1]. This creates
significant  challenges related to regulatory
accountability, human oversight, transparency,
explainability, and trust, restricting effective adoption
of Al-based compliance governance within complex
financial environments.

Novel Contribution

This research contributes a novel conceptual
framework integrating Explainable Al, regulatory
intelligence, and enterprise governance mechanisms to
enhance transparency, accountability, and trust in
financial compliance decision-making [2]. Unlike
existing studies focusing primarily on Al automation,
this research emphasizes explainability, human
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oversight, and regulatory alignment, providing a
structured approach for implementing responsible and
trustworthy Al-driven compliance governance.

II. RELATED WORK
Analysis  of existing  Artificial Intelligence
applications supporting financial compliance, risk
management, and regulatory monitoring processes
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Fig.1. AI Governance in Financial Service
Enterprise financial compliance governance faces
increasing complexity due to regulatory expansion,
growing transaction volumes, and continuous
monitoring requirements [3]. Traditional rule-based
compliance methods and periodic audits are
insufficient for dynamic financial environments. Al
improves compliance through fraud detection,
anomaly identification, risk prediction, NLP-based
regulatory interpretation, and knowledge-based
analysis [4]. The proposed study suggests a multi-
stage chaining approach of LLM to optimally detect
credit card fraud by using step-by-step analysis and
better transaction intelligence. It puts emphasis on the
possibility of large language models in detecting
compound ways of fraud, which classic methods could
never detect [41]. However, limited transparency in
Al-generated decisions creates challenges regarding
trust, accountability, and regulatory acceptance. Al-
driven compliance intelligence frameworks integrate
data, Al analysis, decision support, and governance
layers to improve compliance maturity [5]. Another
research paper introduces a free open-source event-
driven pipeline, which includes cryptocurrency data
intake, prediction, and on-chain fraud detection. It
illustrates that cryptocurrency market transparency
and security can be enhanced with automated data
workflows and predictive analytics [42]. Nevertheless,
existing models provide limited attention to

Received: 05-08-2026 | Accepted: 03-09-2026 | Published: 12-09-2026

explainability, highlighting the need for Explainable
Al-based approaches that support transparent and
trustworthy financial regulatory decision-making.
Identification of transparency, accountability, and
trust limitations within black-box AI compliance
decision-making systems
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Fig.2. Interpreting Blackbox models for
Explainable Al
Despite significant advancements in Al-based
compliance systems, the increasing dependence on
black-box models creates concerns regarding
transparency, accountability, and stakeholder trust.
Complex machine learning and deep learning models
can identify suspicious activities and predict
compliance risks; however, their decision-making
processes are frequently difficult for auditors and
regulators to interpret [6]. This limitation creates
challenges because financial institutions operate
within highly regulated environments where decisions
must be justified, documented, and reviewable [7]. For
example, when an Al system identifies a transaction as
suspicious, traditional models may only provide a risk
classification without explaining the underlying
reasons [8]. Such limited transparency restricts auditor
confidence and may weaken regulatory acceptance.
Existing research suggests that a lack of
interpretability can introduce ethical concerns,
including potential bias, ineffective human oversight,
and difficulties in assigning responsibility when
automated decisions produce inaccurate outcomes [9].
Therefore, while Al improves efficiency, the absence
of explainability prevents organizations from

achieving complete regulatory accountability.
Examination of Explainable Al capabilities in
improving interpretability, accountability, and
stakeholder confidence
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Fig.3. Explainable AI: enhancing decision-making
in the detection of cyber threats
Explainable Artificial Intelligence (XAI) has emerged
as an important solution for addressing the limitations
of opaque Al systems. XAI focuses on providing
understandable explanations regarding how Al models
generate decisions, enabling organizations to balance
automation with human oversight [10]. Literature
identifies explainability as essential for regulatory
accountability, audit requirements, ethical Al
adoption, and stakeholder trust. XAl approaches can
be categorized into global and local explanations [11].
Global explanations provide insights into overall
model behavior, identifying important factors
influencing compliance decisions, whereas local
explanations explain individual decisions. Techniques
such as SHAP, LIME, feature importance analysis,
and counterfactual explanations have been widely
discussed as mechanisms for improving Al
interpretability [12]. However, researchers also
highlight that explanation methods must balance
technical accuracy with human understanding, as
overly complex explanations may reduce practical
usefulness for compliance professionals. In regulatory
decision-making, XAl enables auditors to understand
why specific financial activities are flagged [13].
Instead of simply identifying a transaction as risky, an
explainable system can indicate contributing factors
such as unusual geographical activity, increased
transaction frequency, or deviations from historical
patterns [14]. This supports evidence-based auditing
and strengthens confidence between Al systems and

regulatory stakeholders.

Development of an integrated conceptual framework
combining XAI, regulatory intelligence, and
governance mechanisms
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Fig.4. Integrated Explainable AI Framework for
Regulatory Intelligence and Governance
Recent research indicates that future compliance
systems require integration between XAlI, regulatory
intelligence, knowledge graphs, and Retrieval-
Augmented  Generation (RAG) architectures.
Knowledge graphs enable organizations to connect
regulatory requirements with financial entities,
transactions, and compliance obligations, improving
contextual understanding [15]. RAG-based systems
further enhance compliance intelligence by retrieving
regulatory documents and generating evidence-based
explanations for auditors [16]. However, technological
advancement alone cannot guarantee responsible Al
governance. Effective implementation requires
transparency, fairness, human-in-the-loop decision-
making, model accountability, and regulatory
alignment [17]. Frameworks such as the NIST AI Risk
Management Framework, EU Al Act, and OECD Al
Principles emphasize responsible Al practices by
promoting trustworthy, explainable, and controlled Al
deployment [18]. Overall, existing literature
demonstrates  strong potential for Al-driven
compliance governance but reveals limited integration
between automation capabilities and explainability
requirements [19]. Therefore, this research addresses
the identified gap by developing a conceptual
framework that combines Explainable Al, regulatory
intelligence, and enterprise governance mechanisms to
support transparent and trustworthy financial

compliance decision-making.

Research Gap

Existing research extensively explores Al applications
in financial compliance, including fraud detection, risk
prediction, and regulatory automation [20]. However,
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limited attention has been given to integrating
Explainable AI with compliance governance
mechanisms to address transparency, accountability,
and trust challenges. Current frameworks lack a
comprehensive approach combining XAl, regulatory
intelligence, and enterprise governance for transparent
regulatory decision-making.

111. RESEARCH METHODOLOGY
This research adopts a secondary research
methodology to develop a conceptual framework for
Explainable Artificial Intelligence (XAl)-enabled
financial compliance governance [21]. As the study
does not involve primary data collection,
programming, or empirical model testing, the
methodology focuses on analyzing existing academic
and industry knowledge to understand the relationship
between Al adoption, regulatory transparency, and
enterprise governance mechanisms.
Research Philosophy
The study follows an interpretivist research
philosophy, as it aims to interpret existing perspectives
regarding Al-driven compliance transformation,
regulatory  decision-making, and transparency
requirements [22]. Interpretivism is suitable because
the research focuses on understanding how
organizations perceive and manage Al-based
compliance systems rather than measuring numerical
relationships ~ between  variables [23].  The
philosophical orientation supports the development of
meaningful interpretations from previous studies,
regulatory frameworks, and industry practices related
to trustworthy Al adoption.
Research Approach
The research adopts an inductive conceptual approach,
where existing academic literature and industry
evidence are synthesized to construct a new
conceptual understanding of Explainable Al in
enterprise financial compliance governance [24].
Unlike deductive research, which tests predefined
hypotheses, this approach develops theoretical
insights from observed challenges and opportunities
identified in previous research. The conceptual
relationship between AI compliance intelligence,
explainability, and governance can be represented as:

CG = f(AL, XAILLRG,TG)

where CG represents Compliance Governance
effectiveness, Al represents Artificial Intelligence
capabilities, XAI represents Explainable Artificial
Intelligence mechanisms, RG represents Regulatory
Governance  practices, and TG  represents
Transparency and Governance controls [25]. This
expression indicates that effective compliance
governance is influenced by the combined
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contribution of intelligent automation, explainable
decision-making, and regulatory oversight.
Research Design
The research follows a conceptual research design to
develop a theoretical framework integrating XAl,
financial compliance intelligence, regulatory
governance, and enterprise  decision-making
processes. The design enables systematic examination
of existing concepts and relationships without
requiring experimental validation [26]. The proposed
framework is developed by analyzing how Al
technologies support compliance monitoring while
identifying the limitations associated with opaque
algorithmic decisions. The relationship between
explainability and trustworthy compliance decisions
can be expressed as:
TCD = XAl + HA+ AC
where TCD denotes Transparent Compliance
Decisions, XAl represents Explainable Al capability,
HA represents Human Auditor involvement, and AC
represents Accountability Controls. This equation
conceptually demonstrates that transparent regulatory
decisions require both technological explanation and
organizational governance mechanisms.
Data Sources
The research uses secondary data obtained from
credible academic databases and recognized industry
sources. Academic literature is collected from
platforms including IEEE Xplore, ScienceDirect,
SpringerLink, ACM Digital Library, and Scopus-
indexed journals [27]. These sources provide
theoretical and empirical insights into Al governance,
explainable Al techniques, financial risk management,
and regulatory compliance transformation.
TABLE .1. SECONDARY DATA SOURCE
CLASSIFICATION

Source Type Examples

Academic Databases IEEE, Scopus, Springer

Research Papers XAI, Al governance
studies
Industry Reports Gartner, Deloitte, PwC

Regulatory Sources NIST,
Commission

European
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In addition, industry

challenges

reports and
publications from organizations such as Deloitte,
PwC, McKinsey, Gartner, the National Institute of
Standards and Technology (NIST), and the European
Commission are considered to understand practical
associated  with

regulatory
decision-making [32].
demonstrates how Al

improve  trust,

enterprise Al compliance.

governance framework for transparent regulatory
The conceptual analysis
explainability
mechanisms, and governance controls can collectively
accountability, and

intelligence,

in Al-Based Financial

regulatory

implementation [28]. These sources provide evidence
regarding compliance automation, responsible Al
principles, and regulatory expectations for transparent
decision-making.

Secondary Data Analysis Procedure

The research applies a Structured Literature Synthesis
approach rather than thematic coding or computational
analysis. The procedure involves four major stages.
First, relevant research articles, policy documents, and
industry reports related to Al-driven financial
compliance are identified and reviewed [29]. Second,
existing applications of Al technologies, including
anomaly detection, regulatory intelligence, knowledge
graphs, and retrieval-augmented generation systems,
are evaluated within financial governance contexts
[30]. Third, transparency limitations associated with
black-box Al decisions are analyzed to determine the
importance of explainability, accountability, and
human oversight. Finally, the identified concepts are
integrated to develop a conceptual framework
demonstrating how XAI can enhance transparent
regulatory decision-making. The overall synthesis
process can be represented as:

Framework = },(Al Applications

+ XAI Principles
+ Governance Requirements)
where the Framework represents the proposed
conceptual model, Al Applications represent existing
compliance intelligence capabilities, XAl Principles
represent transparency mechanisms, and Governance
Requirements represent regulatory and organizational
controls [31]. This structured methodology ensures
that the proposed framework is logically derived from
established knowledge while addressing current
challenges in enterprise financial compliance
governance.
Iv. CONCEPTUAL ANALYSIS AND
FRAMEWORK DEVELOPMENT

This section presents the main contribution of the
research by developing a conceptual framework for
Explainable Artificial Intelligence (XAl)-enabled
financial compliance governance. Unlike empirical
studies that evaluate algorithmic performance, this
research synthesizes existing academic and industry
knowledge to identify critical challenges in Al-based
compliance systems and proposes an integrated
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Current  Challenges
Compliance

The literature indicates that Artificial Intelligence has
significantly ~ improved financial = compliance
capabilities through automated monitoring, anomaly
detection, fraud identification, and regulatory
intelligence [33]. Al-driven systems can analyze large
volumes of financial transactions more efficiently than
traditional manual compliance processes [34].
However, despite these operational advantages,
several challenges limit the effective adoption of Al
within regulated financial environments.

Key Challenges in Regulatory Compliance

Financial Crime Data Privacy and

Risk =T Ethical Data Use

Al Gavernance pe L ESG and Climate

Model Risk — Risk Compliance
Regulatory - Operational
Fragmentation Resilience
~ ,g Consumer
Th\';:n::::‘yi;"d 4 © A —O— Protection and
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Fig.5. Key Challenges Affecting AI-Based
Financial Compliance Governance

The first identified challenge is that AI improves
compliance efficiency but creates transparency
challenges. Although Al systems can identify complex
financial risks and suspicious activities, many
advanced models provide limited explanations
regarding how decisions are generated [35]. This
creates difficulties for compliance professionals who
require clear reasoning before accepting Al-generated
recommendations. In regulated industries, efficiency
alone is insufficient because decisions must also be
explainable and defensible during audits and
regulatory reviews.

The second challenge is that black-box Al decisions
reduce regulatory trust. Complex machine learning
and deep learning models often generate accurate
predictions ~ without providing understandable
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explanations of their internal decision-making
processes [36]. This lack of interpretability creates
concerns regarding accountability, fairness, and
regulatory acceptance. Financial institutions require
Al systems that not only detect compliance risks but
also explain the factors contributing to identified risks.
Therefore, transparency becomes an essential
requirement for responsible Al implementation.

The third challenge is that traditional governance
mechanisms are insufficient for autonomous Al
systems. Conventional compliance frameworks
generally depend on predefined rules, periodic
assessments, and human-led audits [37]. However,
modern Al systems continuously analyze dynamic
financial information and generate automated
recommendations. Existing governance structures
must therefore evolve by incorporating explainability,
human oversight, and continuous monitoring
mechanisms to ensure reliable Al-supported
regulatory decisions.

Role of Explainable Al in Financial Compliance
Governance

Explainable  Artificial  Intelligence  provides
mechanisms to overcome transparency limitations
associated with conventional Al systems [38]. XAI
enables financial organizations to understand,
interpret, and validate Al-generated decisions before
implementing compliance actions. The primary role of
XAl is to transform complex Al outputs into
meaningful explanations that can be understood by
auditors, compliance officers, and regulatory
authorities.

Financial Data
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Al Compliance Model
(Detects anomalies, identifies risks, monitors regulations)
Risk Detection Output
(Flagged transactions, risk scores, alerts)

Explainable AI Layer
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Fig. 6. Explainable AI-Based Regulatory Decision
Support Process
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XAI supports decision transparency by revealing the
factors  influencing  Al-generated  compliance
outcomes. It provides regulatory justification by
creating evidence-based explanations for why specific
transactions, customers, or activities are classified as
high risk [39]. Furthermore, XAl improves auditor
confidence because compliance professionals can
review and verify Al recommendations rather than
relying solely on automated decisions.
Additionally, XAI enables risk explanation by
identifying the contributing indicators behind detected
anomalies, improving investigation efficiency.
Conceptually, trustworthy compliance decision-
making can be represented as:

TC = Al + XAl + GO
where TC represents Trustworthy Compliance, Al
represents artificial intelligence capabilities, XAI
represents explainability mechanisms, and GO
represents governance oversight. This relationship
indicates that Al capability alone is insufficient;
transparency and governance are required to achieve
reliable compliance outcomes.
Integration of AI Compliance Intelligence and XAI

AI Compliance Intelligence

Anomaly Detection

Risk Prediction Regulatary Intelligence
anusaal paterrs) (estn ance isk) .

[ ——
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Interpretabie lnsights and evidence
Governance Layer

Audit & Compliance Risk Management Regulatory Aligament
) 4 {ensure adberence)

Validated dec

Transparent and Trustworthy Regulatory Dec
{compliant, accountable, and suditable)

Fig.7. Integrated AI Compliance Intelligence and
Explainable AI Governance Model

Al Compliance Intelligence and XAl represent
complementary components within an advanced
financial governance ecosystem [40]. Al Compliance
Intelligence focuses on identifying risks by analyzing
financial information, transactional patterns, and
regulatory requirements. It performs activities such as
anomaly detection, automated monitoring, and
compliance risk assessment.

TABLE .2. Al COMPLIANCE INTELLIGENCE

AND XAI RELATIONSHIP

Component Function

Al Intelligence Detects risks
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XAI Layer Explains decisions

Governance Layer Validates outcomes

However, identifying risks alone does not ensure
regulatory acceptance. XAl enhances Al Compliance
Intelligence by explaining why specific risks are
detected and providing interpretable reasoning behind
Al-generated decisions. Governance mechanisms then
validate these explanations through human review,
regulatory alignment, and accountability controls.
The relationship can be expressed as:
Compliance Trust

= Risk Detection

+ Decision Explanation

+ Governance Validation
where risk detection represents Al intelligence,
decision explanation represents XAl capability, and
governance validation represents organizational
control mechanisms.
Proposed Conceptual Framework
Based on the identified challenges and literature
insights, this research proposes an Explainable Al-
based Financial Compliance Governance Framework.
The framework consists of six interconnected layers:

Regulatory Environment
(global regulations | industry standards | compliance requirements)

!

{ Regulatory Requirements ]

(AML | KYC | SOX | Basel Iil | GDPR | ESG reporting)

-

Enterprise Financial Data

Transaction Data ERP Systems Audit Records Operational Data | | Regulatory Documents

.

[ Al Compliance Intelligence J

(anomaly detection | risk prediction | NLP | knowledge graphs | RAG systems)

.

‘ Explainable AT Mechanisms

Feedback Loop

SHAP. LIME Rule Explanation Counterfactual Reasoning ‘

!

’ Transparent Regulatory Decisions }

(interpretable outcomes | decision reasoning | audit trail)

Human Governance Oversight

‘ Auditors Compliance Officers Risk Managers Regulators ’

C Compli p
(monitor | review | adapt | enhance)

Fig.8. Proposed Explainable AI Framework for
Enterprise Financial Compliance Governance
The framework begins with regulatory requirements
that define compliance expectations and decision
criteria.  Enterprise  financial data, including
transactions, audit records, and operational
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information, provides the foundation for Al analysis.
The AI Compliance Intelligence layer identifies
potential risks and compliance irregularities. The
Explainable Al layer provides understandable
reasoning behind these findings. Transparent
regulatory decisions are then generated through
evidence-based Al recommendations, while human
governance oversight ensures accountability, ethical
alignment, and regulatory acceptance.

This framework contributes to existing research by
integrating Al capability with explainability and
governance, providing a pathway towards transparent,
trustworthy, and accountable financial compliance
decision-making.

Explainable AI Compliance Decision Workflow
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|
Fig.9. Explainable AI Compliance Decision
Workflow
Workflow of Explainable Al-Based Financial
Compliance Decision Process illustrates the sequential
process of regulatory identification, data analysis, Al-
driven risk detection, explainable reasoning, human
validation, and reporting. The workflow highlights
continuous  improvement  through  feedback
mechanisms, ensuring transparent, accountable, and
trustworthy compliance decisions.
V.  DISCUSSION
The conceptual findings demonstrate that Explainable
Artificial Intelligence (XAI) can strengthen enterprise
financial compliance governance by improving
transparency, accountability, and trust in Al-supported
regulatory decisions.
Enhancing Transparency in Regulatory Decisions
XAI addresses black-box limitations by providing
understandable explanations behind Al-generated
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compliance outcomes. Instead of only identifying
risks, XAI reveals contributing factors, decision
reasoning, and evidence supporting regulatory
classifications. This enables compliance professionals
to evaluate Al recommendations and ensures that
automated decisions remain interpretable and
defensible.
Improving Accountability and Auditability
Explainable Al improves accountability by creating
evidence trails that document how decisions are
generated. These explanations support auditors and
regulators by providing traceable reasoning,
improving compliance verification, and reducing
dependence on unexplained automated outputs.
Consequently, organizations can maintain stronger
governance controls and regulatory confidence.
Supporting Trustworthy Enterprise AI Adoption
Trustworthy Al adoption depends on the relationship
between explainability, trust, and governance.
Explainability improves user confidence, while
governance mechanisms ensure ethical, controlled,
and compliant Al implementation. Together, these
elements support responsible Al integration within
financial institutions.
TABLE .3. COMPARISON WITH
TRADITIONAL COMPLIANCE MODELS

Traditional XAlI-Based Compliance
Compliance
Rule-based monitoring | Intelligent risk

interpretation

Periodic audits Continuous monitoring

Limited reasoning Explainable decisions

Human investigation Al-supported auditing

VI. THEORETICAL AND PRACTICAL
IMPLICATIONS

This research contributes theoretically by extending
existing Explainable Artificial Intelligence (XAI) and
Al governance literature into the domain of enterprise
financial compliance. The proposed framework
strengthens understanding of how AI compliance
intelligence,  explainability = mechanisms, and
governance controls can collectively support
transparent regulatory decision-making. It addresses
the limitation of existing studies that primarily
emphasize automation efficiency while giving limited
attention to accountability and interpretability.
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From a practical perspective, the framework provides
guidance for financial organizations implementing
trustworthy Al-based compliance systems. It enables
compliance officers and auditors to understand Al-
generated recommendations, improve decision
validation, and maintain stronger audit evidence.
Regulators can also benefit from enhanced
transparency and accountability in Al-assisted
financial decisions. Therefore, the framework supports
responsible Al adoption by balancing automation
capability with human oversight and regulatory
requirements.

VII. CONCLUSION
Artificial ~ Intelligence  significantly = improves
enterprise  financial compliance capabilities by
enabling automated monitoring, risk identification,
and regulatory intelligence. However, explainability
remains essential for trustworthy Al adoption because
organizations require transparent, accountable, and
understandable decisions. The proposed Explainable
Al Financial Compliance Governance Framework
provides a structured pathway for integrating Al
intelligence with governance mechanisms, supporting
transparent regulatory decision-making.

VIII. LIMITATIONS AND FUTURE

DIRECTIONS

Limitations
This research is limited by its reliance on secondary
sources and conceptual analysis without primary
organizational data. Additionally, the proposed
framework has not undergone experimental validation
or real-world implementation testing. Therefore,
further investigation is required to evaluate its
effectiveness across different financial compliance
environments and regulatory contexts.
Future Research
Future research should wvalidate the proposed
framework through industry-based case studies,
prototype development, and empirical evaluation.
Practical testing with financial institutions can assess
framework applicability, usability, and governance
effectiveness. Such studies can further strengthen
understanding of how Explainable AI can support
trustworthy and accountable financial compliance
systems.
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