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ABSTRACT

The reliance of enterprises on complex data ecosystems has grown, enabling them to power their artificial intelligence (Al),
machine learning (ML), analytics and automated decision-making processes. Flaws in data quality, privacy concerns, biases,
inconsistent data quality, and incomplete data lineage, as well as broken governance practices and changing compliance
regulations can taint the trustworthiness and accountability of Al systems. To support on-going compliance assessment
and enterprise risk detection, this paper introduces an Al Governance Scan Engine that utilizes Retrieval-Augmented
Generation (RAG). The architecture proposed combines metadata catalogs, lineage graphs, policy repositories, vector
stores, governance-centric large language models, automatic scan orchestration, enforcement, and reporting. The engine
continuously scans for policy violations, fairness, privacy risks, lineage integrity, data quality and model input governance
in enterprise data lakes, warehouses and machine-learning pipelines. A multi-dimensional risk scoring system that ties
severity, likelihood, governance impact, and confidence to identify findings and take the appropriate remediation. The
framework can accommodate scheduled, event-driven, and pipeline-integrated governance scans, and audit evidence is
provided, along with the ability to have human oversight on high-impact decisions. The proposed approach establishes a
scalable framework for proactive, explainable and ongoing Al governance by linking organizational policies to enterprise
data context via RAG. Moves enterprise governance beyond the reactive audit to intelligent, automated and risk-aware
monitoring of Al-driven data ecosystems.

Keywords: Al governance, Retrieval-Augmented Generation, enterprise data ecosystems, continuous compliance, risk
detection, data governance, responsible Al, large language models, policy enforcement, data lineage, Al risk management,
automated governance.
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INTRODUCTION

Large, distributed, and evolving data ecosystems have
become more critical to the operations of organizations as
a result of the rapid adoption of artificial intelligence (Al),
generative Al, and machine learning. Today, data lakes, data
warehouses, cloud platforms, ERP systems, and analytical
pipelines are all linked together and used as the building
blocks for automated decision making and intelligent
business processes. As a result, reliable, secure, traceable
and properly controlled information is crucial for the smooth
operation of Al systems, and effective data governance has
been deemed essential for that. While leveraging enterprise
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workflows including data governance and intelligent
automation. Generative Al also presents challenges in terms
of governance and security needs (Yuvaraj & Kumar, 2023;
Saravanan, 2025).

Traditional governance methods typically rely on periodic
audits, manual policy reviews, disorganized metadata, and
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manual compliance interpretation. These methods often
fall short when it comes to recognizing new issues like
undocumented data, missing lineage, sharing of sensitive
data, violations of model inputs, and shifting compliance
concerns that happen at the rate of today’s enterprise data
usage. With this in mind, enterprise generative Al needs to
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be governed in a way that can sustain itself across various
data environments that are often heterogeneous (Biswas,
2024; Rah, 2026).

One way to tackle this challenge is through the use of
Retrieval-Augmented Generation (RAG), which allows Al
models to refer to relevant policies, metadata, governance
rules, and enterprise context before assessing. Rah and
Hahues (2026) and Muthusamy (2025) suggest that RAG and
generative Al can aid in integrated governance prioritization,
explainable analysis, and risk-aware decision-making.
Likewise, the governance-driven approach to generative Al
can link intelligent insights from data with organizational
controls and enterprise systems (Joshi, 2025).

In this context, this study aims to propose an Al
Governance Scan Engine based on RAG, combined with
vectorized policy repositories, metadata and lineage graphs,
automated risk scoring, and continuous scanning. The
architecture provides a means to assess compliance, privacy,
bias, lineage integrity, data quality, and input governance
of the model, as well as automated alerting, remediation,
and human oversight. This strategy can enhance enterprise
decision support and foster more responsible use of Al
(Valiki, 2026).

BAckGROUND, MOTIVATION, AND
GOVERNANCE CHALLENGES

Governance Challenges in Modern Data
Ecosystems

Today's businesses span multiple data lakes, data warehouses,
cloud ecosystems, enterprise resource planning systems,
APIs, and machine-learning pipelines. This distributed

environment makes it harder to ensure consistency of
governance due to the ability of datasets to be duplicated,
transformed, transferred, or consumed without adequate
documentation. These factors can result in governance
and operational risks due to shadow datasets, incomplete
lineage, inconsistent metadata, unauthorized access, and
weak data-quality controls. These challenges are exacerbated
by enterprise Al applications relying on vast amounts of
potentially sensitive and diverse data, as well as the need
for generative Al to provide more accurate and useful
information. Yuvaraj and Kumar (2023) stress the need for
intelligent automation and enterprise data governance, and
Saravanan (2025) points to secure governance needs in the
cloud-native generative Al world.

Bias and fairness represent another major concern.
Training and operational datasets may contain demographic
imbalances, historical biases, or proxy variables that influence
Al decisions. Consequently, governance mechanisms must
examine not only whether data is available, but also whether
it is appropriate, representative, and responsibly used.
Explainable generative Al can strengthen this process by
providing greater visibility into governance assessments and
data-modernization decisions (Muthusamy, 2025).

Privacy is equally important because enterprise datasets
may contain personally identifiable information, confidential
business records, financial information, or other sensitive
attributes. Generative Al systems can increase the risk of
inappropriate data exposure when access controls, data
classification, and usage policies are poorly implemented.
Rah (2026) identifies security and governance as central
concerns in enterprise generative Al adoption, reinforcing
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Fig 1: The evaluation framework uses normalized indicators to assess governance effectiveness. Higher values indicate
stronger performance for detection, lineage completeness, privacy detection, bias detection, and governance coverage,
while lower values are preferable for false-positive rate and remediation time. Continuous evaluation supports current
policies, traceable evidence, and adaptation to changing enterprise data and regulatory requirements (Rah & Hahues,
2026).
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Table 1: Background Governance Challenges and Al-Driven Responses

Governance Challenge Enterprise Implication

Al-Driven Governance Response

Shadow datasets
Missing lineage
Data bias Unfair or unreliable Al outcomes
Privacy leakage
Compliance gaps
Data-quality problems
Rapid Al change

Generative Al security risks

Undocumented or unauthorized data usage

Limited traceability and auditability

Exposure of sensitive enterprise information
Regulatory and organizational violations
Unreliable analytics and Al outputs
Governance controls become outdated

Data leakage and unauthorized model use

Automated asset discovery and scanning

Metadata and lineage-graph validation

Bias, fairness, and proxy-variable analysis

Pll detection and policy-aware monitoring
RAG-based policy retrieval and compliance mapping
Automated quality and schema-drift assessment
Continuous and event-triggered scanning

Security monitoring and governance controls

the need for continuous monitoring rather than isolated
compliance reviews.

Rise of Al-Driven Governance

Traditional governance approaches often depend on periodic
audits, manually maintained documentation, and rule-based
validation. These mechanisms can become inadequate when
enterprise data and Al systems change rapidly. Al-driven
governance introduces policy-aware LLMs, semantic retrieval,
automated risk assessment, and intelligent decision support
toimprove the speed and contextual accuracy of governance
activities.

RAG is particularly relevant because it allows an LLM
to retrieve authoritative governance policies, metadata,
regulatory requirements, and enterprise context before
producing an assessment. This reduces dependence on
static model knowledge and enables governance decisions
to be grounded in organization-specific evidence. Rah and
Hahues (2026) position RAG, generative Al, and agentic Al
as complementary technologies for enterprise governance
prioritization.

Generative Al can also support enterprise workflow
automation and data modernization when governance
controls are embedded within the architecture rather than
applied after processing has occurred. Biswas (2024) similarly
emphasizes the importance of well-architected patterns for
scaling enterprise generative Al responsibly. Governance-
anchored generative Al can further connect Al-generated
insights with organizational controls and enterprise systems
such as ERP platforms (Joshi, 2025).

Regulatory and Enterprise Drivers

The increasing deployment of Al has strengthened the
need for structured governance frameworks addressing risk
management, accountability, transparency, privacy, security,
and documentation. The proposed Governance Scan Engine
can operationalize these requirements by continuously
retrieving applicable policies, evaluating enterprise data
assets, identifying governance deviations, and generating
auditable evidence.

The architecture is particularly suited to environments where
Al-powered decision support is becoming integrated into
enterprise operations. Valiki (2026) demonstrates the broader
role of Al-powered decision support in modern enterprises,
while Rah and Hahues (2026) emphasize prioritizing
governance activities according to risk. Accordingly, the
proposed scan engine treats governance as a continuous
operational capability rather than a one-time compliance
exercise.

GOVERNANCE SCAN METHODOLOGIES

Policy Compliance Scan

The policy compliance scan evaluates enterprise data
assets, Al workflows, and model operations against
organizational policies, regulatory requirements, and
established governance controls. A Retrieval-Augmented
Generation (RAG) mechanism retrieves relevant policy
documents and governance rules before the language model
interprets their applicability to specific datasets or processes.
This enables the engine to map requirements to data
assets, identify control gaps, and generate evidence-based
compliance findings. Governance-anchored generative Al
can strengthen the alignment between enterprise data
insights and organizational policies (Joshi, 2025). Similarly,
RAG-based governance architectures can prioritize controls
according to organizational risk and regulatory importance
(Rah & Hahues, 2026).

Bias and Fairness Scan

The bias and fairness scan assesses whether datasets contain
demographic imbalances, protected attributes, or proxy
variables that could contribute to discriminatory Al outcomes.
The methodology can examine representation, distributional
differences, and appropriate statistical fairness indicators
across relevant groups. Findings are incorporated into the
governance risk profile and routed for human review where
necessary. Explainable generative Al can support this process
by providing understandable reasoning behind identified
governance concerns rather than producing unexplained
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Table 2: Components of the RAG-Driven Governance Engine

Architecture Component — Core Function

Key Governance Output

Retrieval Layer
Vector Store
Governance LLM
Scan Orchestration
Enforcement Layer Applies governance controls based on risk

Reporting Layer Presents findings and audit evidence

Retrieves policies, metadata, lineage, logs, and governance evidence
Stores semantic representations of policies and enterprise assets
Performs policy interpretation and risk reasoning

Executes scheduled, event-driven, and pipeline scans

Contextual governance evidence
Relevant policies and controls
Compliance findings and explanations
Continuous scan results

Alerts, masking, quarantine, or blocking

Dashboards, reports, and risk heatmaps

classifications (Muthusamy, 2025). This is particularly
important because enterprise generative Al systems require
systematic governance and risk controls throughout their
lifecycle (Rah, 2026).

Lineage Integrity Scan

The lineage integrity scan verifies whether data can be
traced from its original source through transformations,
storage locations, analytical processes, and model inputs.
It identifies missing lineage relationships, undocumented
transformations, shadow datasets, and unauthorized
pipeline activities. Continuous metadata monitoring can
improve visibility across enterprise data environments and
strengthen the reliability of automated governance processes
(Yuvaraj & Kumar, 2023). Cloud-native approaches further
support integration of governance checks within automated
enterprise workflows (Saravanan, 2025).

Privacy and Sensitive Data Scan

The privacy scan detects personally identifiable information
(PI), confidential records, sensitive attributes, and other
restricted data elements within enterprise repositories and
Al pipelines. It also evaluates whether appropriate consent,
access, classification, and processing metadata are available.

Identified exposures can trigger masking, access restrictions,
quarantine, or governance alerts. Security and privacy risks
are particularly significant in enterprise generative Al because
data can move across multiple applications, services, and
processing layers (Rah, 2026; Biswas, 2024).

Data Quality Scan

The data quality scan evaluates datasets according to
completeness, accuracy, consistency, validity, uniqueness,
and timeliness. It also detects schema drift, unexpected
distribution changes, duplicate records, missing values,
and invalid data types. Quality findings are incorporated
into governance scores to prevent unreliable datasets from
entering Al training or inference pipelines. Integrating
governance into automated enterprise workflows can enable
these checks to occur continuously rather than only during
periodic audits (Saravanan, 2025; Yuvaraj & Kumar, 2023).

Model Input Governance Scan

The model input governance scan determines whether
data entering an Al model satisfies predefined governance,
security, privacy, and quality requirements. Each input
can be evaluated for classification, authorization, lineage,
sensitive-data exposure, and compliance status before

Enterprise Retrieval
‘ Data Sources ’—’| Layer

Reporting
Layer

jous governance feedback / re::

Fig 2: The architecture illustrates a RAG-driven governance process in which enterprise data and governance metadata
are retrieved, evaluated by a governance LLM, assigned risk scores, enforced through controls, and continuously refined
through reporting and feedback mechanisms.
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Continuous Evaluation Indicators for RAG-Based Data Governance
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Fig 3: The evaluation framework uses normalized indicators to assess governance effectiveness. Higher values indicate
stronger performance for detection, lineage completeness, privacy detection, bias detection, and governance coverage,
while lower values are preferable for false-positive rate and remediation time. Continuous evaluation supports current
policies, traceable evidence, and adaptation to changing enterprise data and regulatory requirements (Rah & Hahues,
2026).

model execution. Governance rules can therefore be
embedded directly into Al workflows, allowing high-risk
inputs to be rejected or escalated. Al-powered decision-
support approaches reinforce the importance of structured
governance mechanisms for reliable enterprise Al operations
(Valiki, 2026). A well-architected generative Al environment
similarly requires governance controls to be integrated across
enterprise Al components rather than applied as an isolated
control function (Biswas, 2024).

Overall, these methodologies transform governance
from a predominantly reactive audit activity into a
continuous scanning process. By combining RAG-based
policy interpretation, enterprise metadata, automated
analytics, and explainable Al, the Governance Scan Engine
can continuously identify and prioritize compliance, privacy,
fairness, lineage, quality, and model-input risks (Muthusamy,
2025; Rah & Hahues, 2026).

RAG-DRIVEN GOVERNANCE ENGINE
ARCHITECTURE

The proposed RAG-driven Governance Engine Architecture
integrates enterprise data governance with retrieval-
augmented generative Al to provide continuous, context-
aware monitoring of data and Al assets. The architecture
connects metadata catalogs, lineage repositories, policy
documents, access logs, and governance rules to a retrieval
layer that supplies relevant evidence to the governance LLM.
This reduces reliance on unsupported model reasoning and
enables governance decisions to be grounded in enterprise-
specific policies and data context (Rah & Hahues, 2026). RAG-
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based governance s particularly valuable because enterprise
generative Al requires mechanisms that address security,
accountability, and policy enforcement throughout the Al
lifecycle (Rah, 2026).

Retrieval Layer
The retrieval layer ser information with enterprise workflows

can improve continuity, traceability, and automated decision-
making (Yuvaraj & Kumar, 2023).

Vector Store

The vector store maintains embeddings representing policies,
regulatory requirements, governance controls, datasets,
metadata, and enterprise rules. Semantic retrieval enables the
engine to locate policies and controls that are contextually
relevant to a specific dataset, model, or processing activity.
This approach supports scalable enterprise generative Al
architectures by enabling information retrieval without
requiring every governance rule to be explicitly hard-coded
(Biswas, 2024).

Governance LLM

The governance LLM interprets retrieved evidence and
performs policy interpretation, compliance reasoning, risk
assessment, and remediation recommendation. Rather
than allowing the LLM to operate independently, retrieved
policies and metadata constrain its reasoning. Explainability
is important because governance decisions must be
understandable to data stewards, auditors, and compliance
teams; explainable generative Al can therefore strengthen
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Table 3: Enterprise Al Governance Risk-Scoring and Implementation Framework

Risk Dimension Key Assessment Indicator

Example Risk Response Governance Owner

Compliance Policy or regulatory violation

Privacy Pll/sensitive-data exposure

Bias & Fairness Distributional disparity or proxy variables

Lineage Integrity Missing or inconsistent lineage

Data Quality Completeness, accuracy, or schema failure
Model Input Governance

Overall Risk

Unapproved or high-risk model input

Combined weighted risk score

Escalation, remediation, or pipeline
block

Compliance team

Masking, restriction, or quarantine Privacy/security team

Dataset review and remediation Al governance team

Traceability correction and Data steward

validation

Data correction or rejection Data engineering team

Input restriction or execution block ~ ML/Al owner

Monitoring, remediation, or Governance committee

escalation

trustin enterprise modernization and governance processes
(Muthusamy, 2025). Al-powered decision support can further
extend this layer by transforming governance findings into
actionable enterprise recommendations (Valiki, 2026).

Scan Orchestration Layer

The orchestration layer coordinates scheduled, event-
triggered, and pipeline-integrated scans. A scan can
automatically start when a dataset changes, a new model is
deployed, a policy is updated, or an anomalous governance
condition is detected. Cloud-native orchestration supports
scalable automation and secure governance across
distributed enterprise environments (Saravanan, 2025).

Enforcement Layer

The enforcement layer converts scan findings into governance
actions. Depending on the risk level, it can trigger access
restrictions, data masking, quarantine, policy gates, alerts,
or pipeline blocking. Governance-anchored architectures are
particularly relevant for ensuring that generative Al-driven
insights remain consistent with organizational policies and
enterprise controls (Joshi, 2025).

Reporting Layer

The reporting layer provides compliance dashboards, risk
heatmaps, audit trails, governance alerts, and remediation
status reports. These outputs enable data stewards, security
teams, compliance officers, and governance committees to
monitor the overall condition of enterprise Al ecosystems.
The integration of automated governance intelligence
with enterprise decision support can improve visibility and
facilitate faster responses to emerging risks (Valiki, 2026).

Risk SCORING, IMPLEMENTATION, AND
ENTERPRISE GOVERNANCE

Risk Dimensions and Scoring Methodology

The proposed Al Governance Scan Engine should evaluate
risk across compliance, privacy, bias, lineage integrity, data
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quality, and model-input governance. Each dimension
can be assigned a weighted score based on the severity
of the identified issue, likelihood of occurrence, potential
business impact, and confidence of the scan result. This
multidimensional approach enables organizations to
prioritize critical governance issues rather than treating all
violations equally. RAG strengthens the process by retrieving
relevant policies and governance evidence before the LLM
generates its assessment, supporting more context-aware
governance prioritization (Rah & Hahues, 2026). Explainable
generative Al can further improve the transparency of risk
assessments and support enterprise data modernization
(Muthusamy, 2025).

Risk Classification and Thresholds

Risk results can be classified into low, medium, and high
categories. Low-risk findings may require monitoring,
medium-risk findings should trigger documented
remediation, while high-risk findings can activate pipeline
restrictions, data quarantine, access controls, or escalation
to governance authorities. Automated decision support
can help organizations interpret these results and prioritize
actions across complex enterprise environments (Valiki, 2026).
However, high-impact decisions should retain human review
because generative Al systems may produce incorrect or
insufficiently supported conclusions.

Implementation and Workflow Integration
Implementation should integrate the scan engine with
DataOps, MLOps, DevOps, data catalogs, cloud platforms,
ERP systems, and enterprise workflow systems. Scheduled
and event-driven scans can continuously evaluate changes
in datasets, policies, schemas, models, and pipelines. Cloud-
native implementation can support scalable governance
automation and secure data management across distributed
enterprise environments (Saravanan, 2025). Governance
controls should also be embedded into enterprise workflows
so that compliance becomes an operational process rather
than a separate auditing activity (Yuvaraj & Kumar, 2023).
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Enterprise Governance and Human Oversight

Effective implementation requires clearly defined
responsibilities for data stewards, Al owners, security
teams, compliance officers, and governance committees.
Governance policies should specify approval requirements,
escalation procedures, documentation standards, audit
evidence, and remediation responsibilities. Governance-
anchored generative Al can help align Al-driven data insights
with organizational controls and enterprise processes
(Joshi, 2025). A well-architected enterprise generative Al
environment should additionally incorporate security,
accountability, monitoring, and controlled deployment
practices (Biswas, 2024; Rah, 2026).

Continuous Evaluation

The implementation should be evaluated using indicators
such as compliance-violation detection rate, false-positive
rate, remediation time, lineage completeness, privacy-
detection accuracy, bias-detection effectiveness, and
governance coverage. Continuous evaluation is particularly
important because enterprise data, policies, models, and
regulatory obligations change over time. RAG-based
governance should therefore maintain current policy sources
and provide traceable evidence supporting each significant
risk finding (Rah & Hahues, 2026).

DiscussioN AND CONCLUSION

DiscussionN

The proposed Al Governance Scan Engine provides a
proactive approach to managing governance risks across
enterprise data ecosystems by combining RAG, vectorized
policy stores, metadata, lineage information, automated
scanning, and risk scoring. Unlike periodic governance
assessments, the architecture enables continuous monitoring
of data assets, pipelines, and Al model inputs. This supports
the transition from reactive compliance management toward
intelligent and operational governance. The integration
of generative Al with enterprise data governance can
strengthen workflow continuity and automate governance-
related activities (Yuvaraj & Kumar, 2023).

RAG is particularly valuable because governance
decisions can be grounded in retrieved organizational
policies, regulatory requirements, metadata, and lineage
evidence. This reduces dependence on the LLM’s internal
knowledge and enables governance assessments to
reflect changing enterprise requirements. An integrated
governance architecture combining RAG, generative Al, and
agentic capabilities can further support prioritization and
coordination of governance activities (Rah & Hahues, 2026).
Cloud-native implementation can also improve scalability
by allowing governance scans to operate across distributed
enterprise data and workflow environments (Saravanan,
2025).

Nevertheless, several limitations require attention. LLM-based
governance can produce inaccurate interpretations, retrieval
errors, hallucinations, or inconsistent recommendations
when policy documents are incomplete or ambiguous.
Generative Al also introduces security and governance risks
that organizations must continuously monitor (Rah, 2026).
Consequently, automated findings should be supported
by evidence, confidence indicators, audit trails, and human
review for high-risk decisions. Explainable generative
Al can strengthen transparency by helping governance
teams understand how findings and recommendations are
produced (Muthusamy, 2025).

The framework also highlights the importance of
organizational governance. Technology alone cannot
establish responsible Al practices. Data stewards, Al owners,
security professionals, compliance teams, and governance
committees must define accountability, risk thresholds,
escalation mechanisms, and remediation responsibilities.
Governance-anchored generative Al provides a foundation
for connecting Al-driven insights with organizational controls
and enterprise processes (Joshi, 2025). Similarly, enterprise
generative Al architectures require deliberate attention to
security, reliability, monitoring, and responsible deployment
practices (Biswas, 2024).

CONCLUSION

The Al Governance Scan Engine provides a scalable
architecture for ongoing compliance, risk identification and
responsible governance of enterprise Al data ecosystems.
Organizations can continuously detect and prioritize
governance risks with the combination of RAG and policy
repositories, vector stores, metadata catalogs, lineage
graphs, governance LLMs, automated orchestration, and
enforcement tools.

The proposed risk-scoring approach offers a structured
approach torisk evaluation that includes risks associated with
compliance, privacy, bias, lineage integrity, data quality, and
model-input risks. By seamlessly integrating with enterprise
workflows, governance controls are no longer a one-off audit
exercise, but a part of regular data and Al usage. Al assisted
decision support tools can improve this capability to better
understand governance results and prioritize the corrective
actions (Valiki, 2026).

Finally, there has to be a balance between automation
and human responsibility in the context of Algovernance. The
world of scale, consistency, and responsiveness is enhanced
with RAG-driven scanning, but high impact governance
decisions ought to be overseen by humans appropriately.
Going forward, adaptive risk scoring, explainable governance
agents, cross-cloud governance, autonomous remediation
and increased security controls are key areas that should be
prioritized. These can help to build Al governance as a unified,
evidence-based capability for trustworthy enterprise data
and Al operations.
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