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Abstract

Automating compliance with complex, evolving, multi-jurisdictional privacy laws, such as the Health Insurance
Portability and Accountability Act (HIPAA) in the United States, remains an open problem. Current solutions
obtain some level of compliance but do not meet the complete requirements of these regulations. Advances in
hardware and software support the argument that a new architectural approach is feasible. A broad architecture
for Al-enhanced data governance has already been developed, clearing the way to addressing compliance
automation in the context of Healthcare Analytics Platforms. Data governance is a primary focus; the deployment
of such platforms tends to shift the cost-benefit structure of using personal data in data analytics. However,
privacy laws remain fragmented and complex, and ensuring actual compliance still requires a high level of effort.
Al-enhanced data governance has been proposed as a way to reduce the burden of performing the tedious, low-
value tasks that support compliance. A simplified conceptual model of a Healthcare Analytics Platform highlights
the areas of responsibility required to maintain privacy.

Healthcare service providers (HSPs) need to perform data analysis tasks that may require sharing the data they
collect with external third parties. Using anonymization techniques may not be sufficient to protect the information
of users of HSPs. Consequently, legislation such as HIPAA and the Personal Information Protection and
Electronic Documents Act (PIPEDA) concentrates on how the data held by a HSP is used and by whom. Al-
enhanced data governance can reduce the workload associated with ensuring compliance with such laws.
Keywords: Al-Enhanced Data Governance, Healthcare Analytics Platforms, Automated Privacy Compliance,
Multi-Jurisdictional Data Regulation, Regulatory Technology (RegTech) in Healthcare, Data Usage Control
Frameworks, Compliance Automation Architecture, Healthcare Data Privacy Management, Cross-Border Health
Data Governance, Privacy-by-Design Implementation, Data Access and Accountability Controls, Secure Third-
Party Data Sharing, Anonymization and De-Identification Techniques, Legal Interoperability Frameworks,
Healthcare Service Provider (HSP) Compliance, AI-Supported Audit and Monitoring, Cost—Benefit Optimization
in Data Governance, Policy-Aware Data Processing Systems, Privacy Risk Mitigation Models, Intelligent
Compliance-as-a-Service Systems.

1. Introduction

Healthcare analytics platforms collect, store, and process sensitive patients’ personal health information (PHI).
They are subject to a multitude of data governance, regulatory, and compliance requirements to protect PHI
against data misuse, data breach, or unauthorized access. Manual data governance is prone to error, time-
consuming, labor-intensive, and costly. The architecture of Al-enhanced data governance automates the
monitoring and auditing of compliance in large-scale multi-cloud healthcare analytics platforms. Its
implementation leverages Al and machine learning technology and sensible utilization of a platform’s own data.
Empirical experiments have shown that it is feasible and efficient to enhance data governance with the
aforementioned architecture and thus automate compliance in healthcare analytics platforms.

The regulatory landscape of healthcare analytics platforms is chaotic, with complex dependencies and dozens of
constantly changing requirements. Fulfillment of these requirements is essential in healthcare analytics platforms
as they process sensitive PHI and engage with various parties, including patients, service providers, healthcare
providers, and insurance companies. The sheer complexity and continuously evolving nature of healthcare
analytics require a tremendous labor investment to ensure compliance. This has led to a growing interest in
automating data governance, compliance monitoring, and compliance auditing with Al-based approaches and
solutions. However, it remains a cumbersome task that requires enormous amounts of engineering with limited
data-driven guidance or assistance. Services provided by the healthcare analytics platform undergo a multilevel
approval process, which includes eliciting and approving the compliance of a requested service. When a third-
party data source is requested for integration or any integration is temporarily opened or designed into the
healthcare analytics platform, the security and privacy compliance of the new or modified connection with
healthcare data must also be approved.
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Fig 1: The AI-Enabled Data Factory: Automating Governance and Regulatory Compliance in Healthcare
Analytics Platforms
1.1. Data Governance in the Era of AI: A Comprehensive Overview
Ongoing digital transformation is creating a "new normal" for how people live and work. Algorithms are reshaping
user experiences, leading organizations to become increasingly dependent on artificial intelligence (Al). However,
as organizations rely more on data, the need for trustworthy data also grows. There is an obvious urge to establish
data governance that supports automated compliance for healthcare analytics platforms. Regulatory frameworks
are becoming stricter, and organizations are being held accountable for failure to comply with regulations and
misusing personal data.
New technologies, frameworks, and paradigms such as the Cloud enabled Data Governance framework, the Data
and Operation Mining techniques based Intelligent Data Governance framework, and AutoML assist in
automating data governance. With the advent of DataOps, along with DevOps and MLOps, the need to automate
the data-driven decision-making process with a strong focus on delivering accurate, consistent, and high-quality
data has increased. Organizations in each domain require domain-specific DataOps to deliver high-quality,
compliant data. Automated Data Governance is necessary to alleviate these pains. Al is playing a key role in
automating the compliance of healthcare analytics platforms by designing an Al-enabled Data Factory concept.
lllustrative responsibility density by tier (from paper's described scope)
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2. Background and Rationale
The maintenance of high-quality data in Healthcare Analytics Platforms (HAPs) is a fundamental requirement to
drive business success. Data Governance (DG) enables the establishment of policies, controls, and processes that

ensure the integrity, availability, maintainability, and security of data. In the medical domain, a DG framework
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must also ensure that data is compliant with the regulatory requirements imposed by the authorities for the storage
and processing of sensitive information.
Recent research works have introduced a novel architecture of AI-Enhanced DG in the context of HAPs that relies
on purpose-aware virtualization of sensitive data and aligns Artificial Intelligence (Al) with DG concepts. By
integrating Al algorithms directly in the DG architecture, three main purposes of DG-assisted sensitive data
management may be addressed: risk management, compliance, and readiness for analytics processes. Risk
management benefits from the Al-Enabled Risk Assessment Management System (AI-RAMs); compliance
automation is supported by the AI-Enabled Regulation Specification System (AI-ReSS); and the AI-Enabled Data
Quality Assessment System (AI-DQAS) copes with the assurance of a GDPR- and HIPAA-compliant readiness
for analytics processes.
Equation 1) Core variables and sets
1.1 Healthcare Analytics Platform as data-flows
Define:
. Set of data sources:

S ={sy,5, .-}

This corresponds to the paper’s DRS-Flowset-Src (declared sources at flow level) .
. Set of data-flows:

F={fufo}
Each flow is a structured object:

f = (src,dst,d,u, ctx)

where
. src € § (source),
. dst = destination system/zone/vendor,
. d = data item(s) / dataset,
. u = “data undergoer” / actor (human/app/service),
. ctx = context (location, purpose, time, jurisdiction, etc.).
1.2 Regulations and ontology mapping
Let:
. Set of regulations:
R = {HIPAA,GDPR HITECH,GINA,ADA,FERPA, ...}
(these are explicitly mentioned) .
. Each regulation r € R has a set of requirements:
Qr = {qr,lﬂ qr,Z' }
. The ontology is a graph:
0=(c¢)

with concepts C (e.g., PHI, consent, breach-notification, access-control) and edges £ (relations).

Define a mapping (regulation — ontology concepts):

¢: UQ,—2°

TER

2.1. Significance of Data Governance in AI Applications
The successful application of corporate Al has become a crucial task for companies, regardless of whether they
aim to innovate or merely maintain competitiveness and brand image. Al adoption considers economic, legal,
social, and ethical aspects, particularly in regulating the use of resources needed to develop digital intelligence.
Data governance associated with the use of data is an indicator of the success of Al in organizations.
Data governance is a necessary structure that determines how the management, monitoring, and use of data should
occur. The term originally referred to the establishment of policies for the classification of information. A revised
version of the procedure uses technology to categorize data, making it compliant with various standards and
legislation. An Al-enhanced data governance model replaces human intervention with inference systems that
monitor the contents of tables and files and automatically propagate changes to documented data or metadata
throughout the information life cycle. With this information umbrella, managers are better equipped to assess the
risks associated with adopting Al projects in their organizations.

3. Regulatory Landscape and Compliance Requirements

Compliance is regulated by existing laws and guidelines for data processing, such as security, privacy, and
confidentiality mandates. Compliance-enabled system architectures facilitate rapid examination of compliance
requirements proposed in Digital Health laws and Health Data Ecosystem Regulation (EA) and Mapping Study
conducted for partner countries.

Information systems that collect, integrate, or disseminate sensitive data — health, banking, etc. — must comply
with information protection laws. How and where data is processed, who accessed information, and when
individuals' privacy is compromised are major issues. Data classification during the early stages of a data-
processing cycle is thus the most critical aspect of the analytical pipeline or data-processing environment that
assures compliance, enabling decisions to implement preventive, detective, or corrective controls and policy
decisions.
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The rapidly evolving regulatory environment in the healthcare sector is driven by a shift toward digital health
policies worldwide. As illustrated, recommendations regarding digital health and AI are a crucial enabler of a
secure and trusted Digital Health Ecosystem. The Digital Health Mapping Study highlights the growing clinical
uptake of artificial intelligence solutions. Internationally, many countries either have already established or are
developing Digital Health strategies and Digital Health Systems. The recommendations contained in the Digital
Health Mapping Study cover dumping, privacy and confidentiality, security, and safety and liability. Hence, a
Dedicated Compliance—Enabled Architecture for Cloud-Based Analytics and Disease Surveillance Platforms for
Partner Countries Digital Health System is mentioned within the scope of the EA.

3.1. Overview of Key Regulations and Standards

Healthcare analytics platforms have to comply with a myriad of regulations, mandated technology standards, and
guidelines in order to be used in regulated markets such as Europe and the United States. Among these, the Health
Insurance Portability and Accountability Act (HIPAA), Genomic Information Nondiscrimination Act (GINA),
Americans with Disabilities Act (ADA), Family Educational Rights and Privacy Act (FERPA), and the Health
Information Technology for Economic and Clinical Health Act (HITECH) both restrict the processing of certain
types of data and require enhanced attention to IT security.

Healthcare
Analytics
Platforms

lHIPIPA‘ @
L Regulatory
GINA || (E, Compliance . [ GDPR
T | 2 Processes O
ADA || EE | —— le) EQO e
=3 "o" NV
FERPA || (2 s
h:
| a==ll Policies
(HITECHJ e IT Systems :
) Non-Compliance
Penalties
//\‘ @
HIPAA Privacy & Generate

Security Rules Healthcare Insights
Deifentfication & Access

Conflicting Requirements

&~ = < .
A 1A —— Simplifised

Patient Privacy & Data Access
Restricted Access for Insights

Fig 2: Global Regulatory Synthesis in Healthcare Analytics: A Framework for Automated Compliance
Across HIPAA, GDPR, and Emerging IT Security Standards

At the same time, the European Union’s General Data Protection Regulation (GDPR) mandates attention to data
processing even outside of the EU. GDPR compliance is especially challenging due to the potential for
noncompliance penalties of up to 4% of total turnover. To address these many compliance requirements,
processes, policies, and IT systems must be put in place to ensure that core privacy and data protection principles
are honored, while supporting the generation of healthcare insights.

The HIPAA Privacy Rule establishes the parameters for patient consent related to deidentification, including
requirements for the controlled reidentification of data after deidentification, while the HIPAA Security Rule
requires that IT security measures be in place to restrict access to PHI. The GINA prohibits discrimination in
employment and health insurance on the basis of genetic information. The ADA strengthens patient privacy when
seeking preventive medicine, while the FERPA protects the privacy of student records. The HITECH Act
strengthens the HIPAA Security Rule requirements for notification in the case of a breach of unsecured PHI while
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authorizing states to establish criminal penalties for violations of HIPAA provisions. Simplified methods for
ensuring automated compliance with these complex and sometimes conflicting requirements are essential.

4. Architecture of AI-Enhanced Data Governance
The architecture of Al-enhanced data governance for compliance automation in healthcare analytics platforms is
shown in the figure. It consists of three tiers: (1) acquisition tier, (2) governance tier, and (3) enforcement tier.
The acquisition tier builds the right information model by determining internal and external data sources,
discovering data flows and data undergoers, identifying the applicable regulations, and modeling the compliance
requirements. All these tasks are addressed through dedicated algorithms to obtain the data governance model,
i.e., the data responsibility chain responsible for achieving compliance. The output of this tier includes (1) DRS-
Flowset-Src, the set of internal and external data sources declared at data-flow level, (2) regulation-model, the
formal mapping of the identified regulations into an ontology, (3) DRS-Req, the data-responsibility-set model
specifying for each data flow the undergoing information, and (4) the regulation-requirements rationale enabling
the subsequent implementation of the enforcement tier.
The governance tier maintains the information model through continuous monitoring. Periodically or triggered by
internal events (e.g., a change in the location of a control-risk manager), dedicated algorithms identify new flows
involving internal and external sources and determine whether new regulations affect these flows. When
regulation changes, the new requirement sets serve as input for the reinforcement-learning algorithm trained to
tune the modified compliance checks.
Equation 2) Acquisition tier outputs as equations
2.1 DRS-Flowset-Src
Define:

DRS-Flowset-Src = {src(f) | f € F} S §
2.2 DRS-Req (requirements per flow)
Let the applicable regulations for a flow be:

R() = P(ctx (), d(), sre(f), dst(f))
where 1 (+) is a decision function (jurisdiction + data type + transfer context).
Then the applicable requirements:

Q(f) = rEJLQJ(f)QT

DRS-Req(f) = Q(f)

So:

2.3 Regulation-requirements rationale
To support later enforcement, define a “rationale trace” for each requirement g € Q(f):
why(f,q) = (ctx(f), d(f), jurisdiction(ctx), PHI-flag(d), transfer-type(src, dst))
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4.1. Data Stewardship and Provenance

The design of the Al-enhanced data governance architecture emphasizes a fundamental aspect of data governance:
stewardship and domain expertise. Broadly defined, data stewardship refers to the exercise of appropriate
custodial responsibility over data and its quality. For instance, given appropriate provenance data, it would be
possible to automatically generate checks at data production time, checking that all relevant data quality criteria
are evaluated before the dataset is made available for use. Within an Al-enhanced data governance architecture,
stewarding the data registers with links to the different data sources would enable the automatic execution of these
checks.

The use of provenance to check compliance with established quality criteria also extends to ensuring compliance
for the part of the data that is collected through manual data entry. Automating the application of data quality
checks based on provenance is technically challenging, especially when data from different providers and/or
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shared registers are merged together. Nevertheless, providing the data quality checks is necessary for it to be
trusted by those provided with access to its use.

Being able to review data creation, merging and cleansing procedures after data production would constitute a
powerful tool for analysing the evolution of the data and ensuring minimal bias from design decisions. The
problem is less about data provenance collection and more about enabling a flexible enough structure to allow for
easy integration of the additional provenance information generated by different processes, spanning data ingest,
fusion or cleansing algorithms.

The problem of automated provenance acquisition is related to that of analysis completeness, but has the opposite
focus: while analysis completeness is concerned about what additional information is required to ensure that data
quality checks can be evaluated, the objective here is to ensure that all provenance information is captured to
allow detailing and auditing of data origin and the processing chain.

Equation 3) Governance tier monitoring + “RL tuning” as equations

3.1 Monitoring as change detection

Let time be discrete t = 1,2, ....

Observed flow set at time t:

Fe
New flows:
AF, = F\Frq
Regulation requirement set at time t:
29N

Change in requirements:

499(f) = QW (M\QU (/)

af: AF, # @ or AQO(F) # 0
3.2 Compliance checks as parameterized policies
Let a compliance check for requirement q be:

Trigger condition for retuning:

Cq (x; Oq) €{0,1}
where x is the event (access request, data export, model execution, etc.), and 8, are tunable parameters (thresholds,
rules, classifier cutoffs).
Overall compliance decision:

C(x;09) = 1_[ Cq (x;Gq)

q€9(f (%))
(TT works like AND in {0,1} space.)
3.3 Reinforcement learning objective (derived)
Define:
. State s;: snapshot of flows + requirement deltas + recent violations.
. Action a;: adjust thresholds/parameters 6.
. Reward r;: balance between (i) reducing violations and (ii) minimizing operational friction.

A practical reward:

1, = —a - Violations, — f - FalseBlocks;, — y - AuditCost;
where a, 8,y > 0.
Goal:

T
max E,, [Z At rtl
i t=1

4.2. Access Control and Identity Management

Healthcare data platforms impose constant and significant access control delays on user experiences. Al tools can
optimize active access grants, learn from past interactions, automatically re-authenticate users, and identify and
block secure state transitions in the event of an unauthorized session hijacking. Al role mining automates user-
role assignments. ML models can predict near future role transitions and proactively issue grants to further reduce
waiting delays. Al and ML can also passively analyze temporal patterns and relationships of past authenticated
access to automatically detect anomalies like impossible, cubic, or improbable authentication in unexpected
locations.

User Identities must be securely managed throughout their lifetimes (creation, update and deletion) — from the
underlying operating system user definitions of the underlying hardware, through the supporting Cloud IaaS
Provider, and extended to applications operating in the Platforms Zone. User Identities require separation of duties
for creation, update and deletion between trusted Platform Administrators and its Cloud Service Provider.
Enterprise and external roles used in connecting to other remote resources must be securely created, updated and
deleted through supporting, dedicated, trusted tools. More generally, the management of User Identities,
Management of sensitive Data, Development and management of custom applications, and of custom Data Models
and Data Marts require providers complementary to the applications especially when operating across zones or
hosted providers.
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Regulation/Standard | Primary focus in the paper

GDPR Broad data processing governance; cross-border impact; high penalties noted
GINA Non-discrimination for genetic information

ADA Privacy protections in preventive medicine context

FERPA Privacy of student records

5. Automating Compliance in Healthcare Analytics Platforms

The architecture of Al-enhanced data governance provides a foundation on which a compliance automation
solution can be developed. The analytics platform implements an Al-enhanced data governance framework that
integrates an ontology-based knowledge representation module, supervised machine learning-based user access
control management, AI/ML model checkability verification, and an open-source Al enablement and exposure
interface. These components, together with other authorized third-party systems and components of the analytics
platform, facilitate the automation of multiple, repetitive compliance requirements of a healthcare analytics
platform, specifically the processing of sensitive health-related personal information.

Following a thorough assessment of the compliance-related components of the healthcare analytics platform, the
compliance automation architecture is derived from the previously introduced Al-enhanced data governance
architecture and depicted as an asynchronous interaction between participating systems. Though the FDA-
designated case study platforms have not yet been enabled for the auditing of Al-based components and the
monitoring of user access rights, the compliance automation capabilities within the previously described
architecture are planned as future development activities. An Al-enhanced data governance layer enables third-
party Al-exposed models to be reused and Al-exposed services hosted within other authorized platforms to be
called from the healthcare analytics platform.

5.1. Data Ingestion and Quality Assurance

Data is assumed to be ingested into an analytics platform from heterogeneous sources, and the data quality must
be ensured before any analysis is performed on it. Traditional data-quality assessment and cleansing applies to
these disparate sources, with standard algorithms adapted to specific domains. An important addition that would
benefit any analytics platform is to include such assessment as part of the ingestion process, along with automated
data reds, greens, and blacks for visualisation. Restricted views on data for clients must also be implemented

during ingestion, though these use adaptive classification techniques based on pseudo-label propagation.
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Fig 3: Adaptive Ingestion Frameworks for Heterogeneous Healthcare Data: Integrating Automated Quality
Assessment and Pseudo-Label Propagation for Secure Analytics

Consider an example platform for automated tracking of COVID-19 vaccine administration by hospitals. Reports
from hospitals are uploaded by users through a web interface, with the underlying data in unstructured text format.
Suitable entity extraction task-specific models for the specific class of documents can be developed and used at
the ingestion stage for automatic extraction of data in structured form from unstructured reports, to allow the data
to be available for further processing and testing. Fixed and flexible named-entity-recognition models can also be
developed for hospitals or doctors with a large number of unlabelled documents, with the large-scale information
being captured by the fixed models, while flexible models can handle data for emerging hospitals with limited
documents.

5.2. governance with Al-assisted policy enforcement

The GDPR describes a digital life cycle for individuals that is enhanced by supervised Machine Learning. The
data labels are easily modifiable by the parties involved in the learning while maintaining physical data under
their protection. The consequences of the most significant European regulation for data protection are analysed
for business activity. Businesses of the European Union can obtain competitive advantages by selling fully GDPR-
compliant Intelligent Systems based on strong Management System.
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Artificial Intelligence presents new ethical dilemmas such as the invalidation of deontological choices even in
sensitive fields. A new ethical algorithm is proposed to standardise the establishment of ethical parameters in
Automated Decision Systems supervised by two (or more) Ethical Committees. Thus, the ethical enforcements of
the Intelligent System are synergistic with Intelligence, with moral expectations, deontological choices, and the
principles set out in the Constitution.Al technologies have improved their predictive power also in sensitive fields
such as human health.

However, the digitalisation of KET Intelligent Systems does not appear to be rational and the strict regulation of
the EU is considered a brake on the development of these systems, because of the metacentric approach that
characterises GDPR. Recognition and management of KETs through an economic management structure are
fundamental to their real development.

Tier Key responsibilities (summarized) Named outputs mentioned #Key o
responsibilities

Acquisition Identify data sources + flows; identify | DRS-Flowset-Src; regulation- 4
tier regulations; model requirements; build | model (ontology); DRS-Req;

responsibility chain regulation-requirements

rationale

Governance | Continuously monitor Updated requirement sets; RL- | 3
tier flows/regulations; detect changes; tuned compliance checks

retune compliance checks with RL

when needed
Enforcement | Apply controls/checks: access control, | Automated checks/controls 1
tier auditing/monitoring, policy (access control, monitoring,

enforcement, approvals auditing)

6. Technical Methods and Algorithms
Technical methods and algorithms for an Al-enhanced data governance system that automates compliance in
healthcare analytics platforms comprise planning and decision-making, machine learning for policy generation,
metadata analysis for data discovery, data lineage for data accessibility analysis, data classification for risk
assessment, rule-based logic for data release categorization, and a recommendation model for access control.
Decision-making is based on a cognitive map that brings together the components of Al-enhanced data
governance for compliance automation.
The policy generator derives the set of policies in a healthcare analytics platform by learning from its
configuration. Metadata and service registries provide the required sources for data discovery. Data lineage
analysis identifies the data components whose access must satisfy the data accessibility requirements of the data
owners, while data classification assesses the risk of data releases. The rule-based engine categorizes a release
request according to the classification result, generating an approval list matched with the category of each
requester. Lastly, the recommendation model summarizes all the approval lists and suggests an access control
procedure.
Equation 4) Enforcement tier: risk scoring, classification, rule engine, and access recommendation
4.1 Lineage / accessibility constraint (derived)
Let lineage graph be:
G=V,E)
Nodes V are datasets/tables/models; edges are transforms.
For a requested dataset v, ancestor closure:
anc(v) ={u €V: u~ v}
Accessibility must satisfy owner constraints for all ancestors:
Vu € anc(v): Permit(u, requester) = 1
4.2 Risk score from classification
Let features z describe the release request (PHI presence, quasi-identifiers, k-anon stats, destination trust, etc.).
A classifier outputs probability of high risk:
p = Pr(HighRisk | z)
Define risk score:
Risk(z) = p
4.3 Rule-based release categorization
Choose thresholds 0 < 7; <7, < 1.
Category:
Green ifRisk(z) < 14
Cat(z) = { Amber if 7, < Risk(z) <1,
Red if Risk(z) = 1,
4.4 Approval list generation
Let requester category be k(requester) (internal clinician, researcher, vendor, etc.).

WWW.DIABETICSTUDIES.ORG 198


http://www.diabeticstudies.org/

The Review of DIABETIC STUDIES
Vol. 20 No. S12 2024

Define allowed approvals as a policy table:
A= Approvers(Cat(z), K(requester))
Decision:

_ (1 if AllRequiredApprovals(A4) obtained
Approve(x) = {0 otherwise

4.5 Recommendation model for access control procedure
Suppose there are procedures P = {p;, p,, ... } (auto-approve, manager-approve, DPO review, security review,
block).
Score each:
Score(p;) = w; - ComplianceFit(p;) — w, - UserDelay(p;) — wy - ResidualRisk(p;)
Pick:
p* = argmaxScore(p;)
pi€P

6.1. Machine Learning for Policy Compliance

Machine learning models play an important role in automated regulatory compliance. Custom solution software
has been created for testing policy validation using inference-based machines such as random forest, decision tree
classifier, or k-nearest neighbour implementation and various unsupervised or reinforcement learning systems. A
systematic method has been created for determining patterns of satisfactory or unsatisfactory placement of
students in computer science degree programs through regression analysis.

Detection of unwanted behaviours (or, conversely, desired behaviours) can be expressed as a classification
problem. Anomaly detection is based on the premise that unwanted behaviours cannot be explicitly encoded, but
can be detected by monitoring the data. When the inputs are successfully classified, covert abuse can be inhibited.
A reinforcement learning model is being developed that will work "off policy" to learn to identify students with
risk factors that lead to drop-out; the model will rely on historical data and will adapt in real time as new student
data become available.

Other models focus on satisfying curriculum rules. Models have been trained to identify scenarios that violate
prerequisites for courses and the relationship between course load and achievement. The systems are based on a
combination of decision trees, random forest (or permutation importance of features) and association rule mining.
Scenarios resulting from GOP completion rules for a Business School have also been classified.

Work is being done to automatically assess undergraduate curriculum development against institutional rules and
educational philosophies. A system has been developed that identifies scenarios involving students breaking
curriculum rules. The base machine has been implemented as a classifier with subsequent machines developed as
association rule miners for enhancement before suspicion is raised. It learns using scenarios classified as "fit" and
"ill-fit". Techniques are now being developed to detect and assist in stopping fraud and abuse of funding programs
at the tenure and probation levels.

6.2. Natural Language Processing for Regulation Mapping

Mapping legal regulations onto product processes written in natural language—such as descriptions of data
governance, software testing, and data control—is important for improving automation and presents many
opportunities. Al and LLM technologies can help with this task: the automation of compliance regulation reading
and mapping software product processes logical reduction is particularly noteworthy. An LLM-based approach to
present features and limitations of the technology can simplify the process of regulation extraction and structure
1020 regulations into a 2D or 3D matrix. Associated sets of questions can further oversee detailed regulation
detection, mapping, and reading.

As a natural language processing task, regulation mapping reads legal regulations and finds corresponding
sections of a product process regulation or set of details giving a clear and relevant answer to each regulation.
Suppose ChatGPT, an LLM with question and answer capability, serves as the natural language engine. A
product/process description (transcripts), regulation, and large set of simple(Basics) and advanced (Start divisions
& Divisions) questions are prepared. Knowledge about the product and testing phase can develop these
prerequisites. The product description describes the software package. The other transcript can describe a data
governance function and its mapping to product logic testing; it also includes product features. The advanced
question list allows the detailed detection of regulation answers.

The proposed task is to prepare paragraphs for process description. The Automation engine reads automation-
description regulation first, automatically extracts the question list, checks for detected answers, and finally reads
and presents detection. The same technology structure of presenting other features applies throughout the
paragraphs. A second-tier engine, feature-point structure language detection, reads the description and
automatically extracts all specified product ideas and functions, plus detected questions and answers.

7. Conclusion

Automating compliance using Al-enhanced data governance opens a new era in compliance and information
security. The architecture, technical methods, and algorithms provide the foundation for Al-enhanced data
governance and compliance automation modules, with direct application in a healthcare analytics platform
supporting sensitive data. The proposed architecture reduces the focus on the business logic of analytical models,
abstracting away compliance concerns and avoiding delays and reuse difficulties. Since the process relies on Al
and natural language, it integrates naturally into the flow of data and analytics operations.
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Regulation-based requirements rapidly expand with increasing contributions from data lakes, machine learning,
and deep learning. Enterprises often invest considerably in regulatory compliance and ongoing support to protect
business operations. Despite the costs, compliance is not guaranteed; service violations, fraud, or data theft remain
major threats. Al-enhanced automatic data governance aims to eliminate these threats by enforcing compliance
guarantees seamlessly, with negligible overhead. Presenting the approach in a healthcare context highlights its
generality and the technical aspects relevant to a broad audience.

Compliance Module Distribution

Analytical Abstraction

Sensitive Data Support

27.45%

Compliance Automation

Al & NLP Engines

Fig 4: Compliance Module Distribution

7.1. Final Thoughts and Future Directions

Modern healthcare analytics platforms intelligently analyze various healthcare-related data (structured and
unstructured, internal and external) to support important decisions that benefit patients and health institutions.
However, the sensitive nature of these data makes compliance with regulatory requirements (e.g., HIPAA,
HITECH, GDPR) critical. Non-compliance may lead to significant financial penalties. Regulatory data
governance (including compliance monitoring and auditing) is crucial for compliance and, therefore, for the
acceptance of these platforms in the healthcare environment. Nevertheless, current data governance approaches
largely rely on manual processes, which may be insufficient and susceptible to errors. Automating data
governance can provide a solution, and a novel architecture with an Al-Enhanced Data Governance layer that
supports the automation is proposed.

The Al-Enhanced Data Governance layer utilizes a set of methods for regulatory compliance data monitoring and
auditing to support the compliance of intelligent healthcare analytics platforms. The proposed architecture,
operationalization of the layer, and technical algorithms have been developed within the context of providing
support for significant healthcare-related decisions while meeting regulatory compliance requirements. Future
work will explore additional Technical Methods and AlgorithmsTelecom Designers project-specific regulatory
requirements and enhance the proposed Al-Enhanced Data Governance Layer and its operationalization with
automated data annotation using Natural Language Processing in combination with a Multi-Chatbot framework
for semantically annotated and regulated data used by Multi-Chatbot-based Artificial Intelligence Agents.
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