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1.

Abstract

1.1 Overview

The healthcare industry relies on timely, accurate diagnosis with precision-
based, customized treatment for each and every individual patient. The use
of emerging technologies, particularly generative Al (GenAl) applications,
must contend with complex data environments that demand rigorous due
diligence, feasibility assessments, and cautious implementation of technology-
based solutions within the healthcare sector.

In this paper, we provide an in-depth perspective on technical and operational
bottlenecks and propose appropriate solution approaches. We also examine
the perceived risks associated with using latest technology and artificial
intelligence (Al) solution accelerators. This focus underscores the necessity
of building a standardized governance framework for implementing and
monitoring Al solutions across appropriate healthcare use cases. Furthermore,
it presents a global perspective on how data availability, digital transformation,
and other technological challenges highlight the growing need for refined Al-
driven solutions in healthcare enterprises through industry specific use cases,
pilot projects and expert consultation.

1.2 Target Audience and Purpose of This Playbook

This document is intended for CXOs, technology leaders, governance
professionals, and healthcare providers. It serves as a strategic guide for
healthcare leaders on implementing artificial intelligence solutions with
appropriate governance mechanisms.
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« CXO's (Chief Executive Officers, Chief Medical Officers): Oversee the
strategic adoption of GenAl to enhance business value, improve patient
outcomes, and gain competitive advantage.

« CTO (Chief Technology Officer): Understand the technical considerations
and best practices for implementing secure, scalable Al solutions in the
healthcare settings.

« Policymakers: Prioritize ethical, legal, and regulatory concerns in GenAl
implementation by integrating privacy mechanisms and accountability
aspects.

« Technical Managers / Al and ML Engineer / Data Scientist: Consider
practical aspects of developing and deploying Al solutions, including data
collection, preprocessing, data quality management, technical challenges,
module integration, and model deployment.

This playbook provides a comprehensive overview of Al's potential to redefine
healthcare through governed Al while acknowledging and addressing the
critical challenges and concerns of its intended audience. It outlines a strategic
blueprint for senior leadership, offering deep insight and measurable impact.

1.3 Value Proposition

This playbook details a strategic governance framework that enables
healthcare organizations to adopt Al tools and solution accelerators effectively.
The governance framework empowers healthcare leaders to scale Al solutions
safely, ethically, and efficiently—delivering clinical-grade precision, guideline-
aligned decisions, and enhanced trust across sensitive use cases. It draws
from real-world applications in which domain-specific small language models
(SLMs) demonstrate the following:

« Clinically Relevant and Robust: Domain-specific SLMs achieve high
sensitivity of 99.4 percent. (See case study 1in section 5.2 in this paper.)
Sensitivity refers to the model’s ability to correctly identify all actual positive
cases

« Ethically Aligned: Transparent mechanisms and explainable, guideline-
driven output.

« Privacy Secured and Compliant: Local server-based SLM deployment for
handling sensitive patient and clinical data.

 Clinician-Centered: SLM output aligns with gold standard of doctors’
opinions 86 percent of the time. (See case study 2 in section 5.2 in this

paper.)
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This structured framework guides organizations through Al solution
implementation via a step-by-step rollout that addresses data fragmentation,
interoperability, compliance, ethics, and resistance to change. By fostering
collaboration and training, it builds trust and competence while prioritizing use
cases with clear benefits to demonstrate the ROI of Al solutions in healthcare.
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2.

Data Challenges in Healthcare Al-Based Solution
Accelerators

Companies are starting to realize that data governance has not been
adequately established to address the massive shift toward digital proliferation
and democratized machine learning models required in the age of Al. Al
solution accelerators (e.g., governance frameworks, SLM models, etc.) demand
a new and rigorous governance framework within the healthcare industry that
speed up the development and deployment of Al solutions.

« Lack of Data

Data challenges faced by healthcare organizations vary by region, business
function, use case, existing solutions, data platforms, and underlying workflows
and processes. One of the most pressing issues is the lack of digital data
capture—such as patient entries, ledgers, prescriptions, and medical records—
resulting from outdated systems, poor integration, and limited process
standardization across enterprises.

. Lack of Diversified Data

Limited data coverage often leads to issues of poor data diversity. Datasets may
exhibit gender imbalance (male-dominant samples), underrepresentation
of culturally and ethnically diverse populations, or gaps in coverage across
diseases—including rare and region-specific conditions.

Examples:

Seasonal: Pollen allergy (USA)

Region-specific viral disease: Chikungunya (India)

1
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For instance, while the United States has greater exposure to pollen allergies,
India is more prone to anaerobic (water-borne) and aerobic infections.
Similarly, many datasets fail to include a full-range of prescriptions and
diagnostic treatments, leading to global coverage gaps in diagnosis and
treatment mapping.

« Data Quality and Data Readiness'

Data quality in healthcare is critical for ensuring accurate patient care,
regulatory compliance, and operational efficiency—for example, duplicate
records may occur when a patient named “Annie” is associated with more than
one medical record number highlighting the risks of poor data quality.

In contrast, data readiness refers to how prepared the healthcare data is for its
intended use—for instance, digitized but unstandardized data such as clinical
notes in EHR systems with inconsistent terminology—can limit usability and
insights.

The most pressing challenges stem from improper or inconsistent data
capture mechanisms due to the absence of data standardization. For example,
when sensor-based devices record physiological parameters such as heart rate,
a reading of O may not indicate patient collapse but rather a faulty sensor.

Understanding the context and domain expertise is therefore crucial to
interpret how data points are generated and what deviations may occur—
especially in sensor-enabled technologies.
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Figure 1. Data challenges in the healthcare industry

Data quality affects critical decision-making in several ways:

Accuracy
Validity
Reliability

In most cases, data are not readily available for machine learning (ML) or
GenAl models to process and analyze. Sparse datasets and incomplete entity-
relationship (ER) models hinder correlation across data entities, making it
difficult to perform efficient analysis or generate deep insights.

13
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To mitigate this, verification and validation checks, along with data
standardization (ETL [Extract, Transform, and Load] routine, data preprocessing,
data cleansing, data transformation) processes should be implemented
across the patient journey—from registration to diagnosis, treatment, clinical
trials and post-care. Without accurate and reliable data, patient safety and
diagnostic effectiveness are at significant risk.

- Data Security and Privacy Concerns

The following are some of the key areas of concerns revolving around data
privacy and security:

Privacy

Confidentiality

Restricted

Maintaining data integrity
Misuse of sensitive data

Implementing role-based access control (RBAC) throughout process
workflows—across industry verticals and hierarchical roles—ensures that
data remain visible and accessible only to authorized personnel. This can
be supported through segregation of duties (SoD) mechanisms. Indicative
metrics for success include the following:

Increased patient trust
Reduced data breaches

Improved protection and mitigation against cyberattacks and threats

Constant monitoring and data control reports should be deployed, along with
robust security bypass checks. Data governance teams must track data flow
to ensure integrity across platforms, applications, and Al solutions within the
enterprise.

14
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» Disparate Healthcare Systems

A major issue in healthcare data management is the lack of interoperability.
Data transmission across different healthcare systems remains fragmented,
resulting in isolated data silos within the enterprise. As a result, patient
information is often duplicated or inconsistent, and no single provider has a
complete view of a patient’'s medical history because clinical and patient data
are scattered across multiple systems.

Each business unit faces its own data challenges and technical bottlenecks,
which must be addressed to achieve seamless data integration and actionable
insights.

+ Healthcare Workflow and Integration Challenges

The absence of unified process flows and standardization makes workflow
integration highly demanding. Multiple data lakes, data platforms, disparate
software applications, Al accelerators, Bl workflows, and analytical models
create isolated systems that lack cohesion and communication across the
enterprise.

2.1 Data Readiness: The Real Bottleneck

The following section highlights several case studies demonstrating how
Al can be used in data quality audits, data mapping across Electronic Health
Record (EHR), and synthetic data generation.

2.1.1 Using Al for Data Quality Audits?
Case 1: Improving Healthcare Data with Machine Learning

Problem: Incomplete and inconsistent healthcare data cause misdiagnoses
and inefficient use of medical resources.

Process Steps:

Used a public diabetes dataset.
Filled missing values using K-nearest neighbors (KNN) imputation.

Detected outliers using ensemble techniques like Isolation Forest and
Local Outlier Factor (LOF).

15
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Trained random forest and LightGBM (Light Gradient Boosting Machine)
models on preprocessed dataset and evaluated their performance using
ROC-AUC and precision-recall metrics.

Conducted principal component analysis (PCA) to examine the structure
of the preprocessed data and performed correlation analysis to identify key
predictors of diabetes, including glucose levels, BMI, and age.

Applied reproducibility mechanisms for documentation, tracking, and
versioning.

Outcomes:

Data completeness increased from 90.57 percent to nearly 100 percent,
substantially enhancing data integrity, model robustness, and overall
reliability.

Anomaly detection improved from 11.99 percent to 20.1 percent, enabling
more comprehensive identification of outliers and capturing subtle
irregularities that could otherwise skew model training.

Reproducibility measures ensured full transparency and replicability across
all processing and modeling steps, including complete traceability of data
transformations and model configurations.

Case 2: Managing Unstructured Oncology EMR Data3

Problem: Oncology care records are often stored in

i QUICK WINS
unstructured formats (PDFs, scanned handwritten
notes, audio recordings), hindering analysis for Converted messy PDFs
treatment insig hts. and audio notes into

searchable, organized
patient records, enabling

improvised oncology care
Process Steps:

Built an EMR platform tailored for oncology data needs.

Applied matching algorithms to identify critical values in lab reports and
natural-language processing to transcribe and then simply the information
contained in audio files

Implemented a hybrid solution with ML + human workflow where
automated outputs were compared against manual abstractions by fifty
nurses to identify discrepancies.

16
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Outcomes:

The resulting EMR system enabled oncology practices to seamlessly
transition from time-intensive legacy EMR providers to an oncology-
specific platform optimized for efficiency and streamlined workflows.

2.1.2 Automating Data Mapping Across EHR
Systems

Case 3: Integrating Legacy EHRs into a Unified
System*

Problem: A cloud-based solution provider needed
to combine clinical and administrative data from
multiple legacy systems (Allscripts, Aprima, MD-
Reports, Greenway, NextGen) with different data
formats and export capabilities.

Process Steps:

Built a modular extract, transform, load (ETL) pipeline

Handled multi-format inputs (HL7, CSV, XML, TXT).

QUICK WINS

Reduced data migration
time by half, while
reducing manual

work by 70 percent by
connecting 5+ different
EHR systems seamlessly

Applied schema mapping with reusable transformation logic aligned with
key areas: patient demographics, insurance data, appointments, orders,

results and clinical documents.

Designed the solution to be scalable and adaptable to handle data related

challenges.

Integrated job execution logs, row-level error handling, and traceable audit
trails, along with exception handling for malformed or incomplete records.

Outcomes:

Fifty percent reduction in overall migration time.

Seventy percent decrease in manual data handling.

Ninety percent improvement in data accuracy.

Seamless, scalable integration across more than five legacy EHR systems.

17



Addressing Challenges and Delivering Value in Healthcare Using Generative Al Applications

2.1.3 Creating Realistic, Diverse Medical Datasets Using Al
Case 4: Generating Synthetic Clinical Data Using GANs?®

Problem: Due to privacy restrictions and unbalanced datasets, it is challenging
to access and generate diverse, realistic clinical data using traditional and
conventional generative adversarial network (GAN).

Process Steps:

Used real HIV treatment data from 8,916 patients

Researchers enhanced a Wasserstein GAN-Gradient Penalty (WGAN-GP)
by combining it with a Variational Autoencoder (VAE) to capture deeper
health data patterns.

They have also introduced an external buffer to retain rare cases and avoid
repetition.

Evaluated data using five key metrics:
» Mode collapse (diverse and representative patient cases)

» Realism (synthetic variables capture the distribution details of real
clinical data)

» Correlations (logical relationships among clinical variables)

» Privacy risk (safeguarding patient identity within accepted disclosure
threshold)

» Utility (demonstrated effectiveness for real-world clinical and analytical
applications)

Outcomes:

Generated high-quality realistic synthetic records matching clinical
patterns

Captured under-represented groups, improving overall patient diversity

Achieved very low privacy risk, well below accepted thresholds

18
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2.2 Data Readiness: Checklist

Data readiness ensures that data are accurate, complete, accessible—enabling
reliable insights and smooth execution of analytics, reporting, and Al initiatives.
The following checklist serves as a safeguard before data are deployed for use.

There is currently no international consensus on data governance (DQG)
practices for handling real-world data (RWD) and real-world evidence (RWE),
both critical for health technology assessments (HTA) and decision-making.
Concerns remain around data privacy, security, quality, access, and credible
adoption of RWD/RWE.

These themes—data privacy and security, data management and linkage, data
access management, the generation and use of RWE—were identified through
a literature review and refined via a Delphi panel including European policy
makers, health technology assessment experts, and hospital managers.

2.2.1 Checklist Overview

Section 1: Data Privacy and Security

Patient consent obtained for RWD.

Consent for secondary use obtained or meets exemption criteria.
Validated anonymization (e.g., pseudonymization) applied.
Transparent and high-quality data protection measures.

Section 2: Data Management and Linkage

Clear and accessible data ownership.

Public SOPs for data quality maintenance.
Regular quality checks with indicators.

Clear traceability of data.

Data are consistent, complete, and up to date

Section 3: Data Access Management

Transparent data access requirements.

Data access agreements securing data integrity and user responsibility.

19
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Section 4: Generation and Use of RWE

Minimum-quality RWD criteria shared during publication.

Dataset available for evaluators/reviewers.

Analytical methods adhere to epidemiologic and quality standards.
Outcomes:

The study provides a standardized, consensus-driven checklist to
qualitatively evaluate the data governance of RWD/RWE.

This checklist supports regulators, researchers, HTA bodies, and data
managers in ensuring trust, compliance, and utility of RWD/RWE.

It encourages transparency, ethical use, and quality improvement in data
governance across healthcare systems.

2.2.2 Checklist

Data Governance for Real-World Data Management: A Proposal for a
Checklist to Support Decision-Making

2.2.3 Additional Reference Checklist Links

Data Readiness Checklist

Essential Guide to Al-Ready Data in Healthcare, Expert-Backed Tips
Unlocking Generative Al on AWS: How to Achieve Data Readiness

2025 Al and Data Readiness Checklist for CDOs and Data Managers

20
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3.

Potential Use Case for Al-Based Solutions for
Healthcare Enterprisess

An Al strategy (for healthcare providers, Insurance companies, and
pharmaceutical companies) must slate down to accommodate a broad range
of use cases that incorporate Al solutions with appropriate workflows. It should
also identify which data parameters must be protected under Al governance,
model governance, and data governance frameworks.
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Technology-driven Al solutions in healthcare industry often highlight the
endless benefits of Al. However, without careful consideration, organizations
may spend years addressing the risks and unintended consequences that arise
from a lack of due diligence. The following are the three primary categories—
payers, providers, and pharmaceutical companies—each with relevant Al use
cases.

3.1 Payers

The following use cases enhance insurance coverage evaluation, streamline
claims processing, and increase operational efficiency:

Drug cost evaluation and reimbursement modelling
Claims management

Addressing queries and concerns

Prior authorization and insurance communication

Compliance monitoring

3.2 Providers

The use cases below can help streamline clinical workflows, reduce
administrative burdens, and improve patient care outcomes:

Automating administrative and billing processes

Patient screening—automating patient documents review and medical
history data entry

Clinical staff and patient scheduling and operating room optimization
Statistical analysis of lab results and drug data

Chart and medical scan analysis and detection

Customized treatment plan generation

Post-care patient management and monitoring

22
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3.3 Pharmaceutical Companies

Al solution accelerators are used to expedite research, enhance drug
development, and improve treatment safety and efficacy.

Large-scale clinical data extraction, integration, and management
Drug inventory management

Monitoring patient drug tolerance, adherence, and reaction
Accelerated drug discovery and development

Precision medicine applications

Clinical trial management

Drug development pathway design

Drug interaction simulation
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4.,

Governance Framework for Healthcare
Enterprises

Traditionally, data governance includes policies, processes, roles, standards,
and metrics that continuously improve how data and information are used—
ultimately enabling healthcare enterprise(s) to achieve its business and clinical
goals. Data governance ensures the quality and security of an organization’s
data by clearly defining who is responsible for what data and what actions they
can take using specific methods.
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With the rise of data science, machine learning, and Al, opportunities to
leverage massive amounts of data have expanded exponentially. It is tempting
to assume that existing data governance strategies are sufficient to sustain this
increased activity. However, new questions arise around the following:

How and why the data is valuable to the business.
How data can be used across different business context

How data should be used—forming crux of a responsible Al strategy

The need for a comprehensive Al governance framework spanning Al, model,
and data governance—has become paramount. Such a framework must be
specifically tailored to manage the existing IT applications, data platforms, Al
solutions, and other systems.

This research paper aims to develop an Al governance framework that
addresses the unique challenges of designing, developing, deploying, and
managing Al-based solutions, including generative Al, for the healthcare
industry. It places a strong emphasis on ethical considerations, transparency,
and accountability.

4.1 Governance Structure

A multidisciplinary governance body—such as an Al Ethics Advisory Board—
should oversee the design, development, deployment, and post-deployment
monitoring of Al systems. This board can be integrated and adopted into
existing enterprise processes to review workflows, assess model results and
behaviors, and ensure alignment with the organization’s Al strategy.

Key responsibilities include the following:

Developing and monitoring compliance with policies and guidelines

Defining the roles and responsibilities of all stakeholders involved in Al
workflows and technology development

Implementing risk management processes to evaluate the depth and
nature of risks associated with Al and devising strategies to mitigate them
to build trust among stakeholders.

25
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4.2 Strategies, Ethical Principles for Al Governance and Compliance

While organizations are becoming more ethically aware but the progress in
implementing ethical Al remains underwhelming. Healthcare enterprises also
lag in building and strengthening the internal practices required for ethical
Al deployment. Within organizations, understanding of ethical parameters
(e.g., fairness, accountability, transparency) are often siloed—there are notable
differences in perspective among Al developers, data and IT professionals, and
end users.

Operating
Model

Organizational
Role and
Responsibilities
-Human Centric

Al
Transparent Governance | Responsible
w

Policies,
Processes, and

Standards

Tools and
Technologies

Model
Governance

Risk and
Compliance

Figure 2. Al governance framework (Infotech)

4.3 Al Governance’

Al governance establishes the ethical and strategic foundation of an
organization’s Al strategy through key principles such as transparency, fairness,
security, human centricity, and accountability.

26
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4.3.1 Transparency and Explainability

Disclose data sources and their provenance to relevant stakeholders.

Ensure transparency in Al based solution to understand how, when, and
which parameters were treated and weighted during model building
and training. This helps to understand how the model arrives at specific
diagnostic or analytical outcomes.

Inform patients and practitioners about how their interactions and

data points are used to train Al models, enabling informed consent and
awareness.

Eliminate “black box” decision-making by explaining the factors behind Al
outputs, thereby strengthening trust in Al-generated results.

Maintain audit trails to ensure traceability from data ingestion to system
development, and decision-making processes.

4.3.2 Fairness and Equity

Implement guardrails within Al models to reduce deviations that could
lead to biased outcomes.

Document and periodically review results through fairness testing—
comparing expected results versus actual outcomes.

Apply fairness metrics and context-sensitive evaluations to ensure
equitable performance across diverse patient portfolios and Al-based
solutions should align with the principles—including human interventions,
validation check points on the model, algorithm, and its output.

Conduct regular testing to detect and correct biased output.

Use culturally sensitive and demographically representative datasets to
mitigate bias caused by limited data diversity.

4.3.3 Security and Safety

Carry out regular risk-based assessments to identify and mitigate potential
threats.

Implement security measures for sensitive data protection, including
incident response plans to prevent or respond to cyberattacks.

27
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Adopt a preventive risk approach, ensuring human oversight is involved
when misalignment or system drift occurs.

Make patient and stakeholder safety a priority when designing and
deploying Al solutions.

Employ robust technical safeguards, such as authentication mechanismes,
input sanitization, validation approvals, and encryption techniques to
protect the Al-based systems against malicious cyberattacks (e.g., prompt
injections, phishing attacks).

Perform vulnerability and stress testing before and after deployment to
assess performance, behavior, and reliability under varied conditions.

Maintain proactive crisis protocols, including the following:
Business continuity plan (BCP)
Disaster recovery plan (DRP)
Zero-day attacks

Fail-safes for |IOT device and medical equipment failures

4.3.4 Human Centricity

Al solutions must not mislead or override clinicians or patients in making
decisions that go against their best interests. Al should augment not
replace clinical judgment and support shared decision-making that
preserves both professional expertise and patient autonomy.

Conduct human impact assessments before implementation to evaluate
implications for labor, job roles, and clinical decision-making autonomy.

Maintain clear human oversight mechanisms for monitoring, escalation,
and compliance at all stages.

4.3.5 Privacy and Data Governance

Protect patient data in full compliance with industry frameworks such as
Health Insurance Portability and Accountability Act (HIPAA), General Data
Protection Regulation (GCDPR), and other applicable regulations.

Data governance policies should clearly define who can access

(segregation of duties) and when to access (approvals and validation
checks)

Ensure all processes of data collection, storage, use, and deletion comply
with both national data protection laws and organizational policies.

28
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Obtain explicit patient consent before extracting or analyzing data, collect
only necessary information to avoid legal and ethical violations.

Periodically review and update data governance frameworks in line with
evolving privacy regulations.

Assess the degree to which data processing impacts the individual privacy
and implement measures to mitigate potential risks.

Conduct frequent compliance checks during Al model evaluation.

Enforce guardrails to ensure adherence to established policies, processes,
rules, protocols, safety, and compliance.

Minimize exposure by removing sensitive personally identifiable
information (PIA) from training datasets, incorporate human validation
loops, and enforce pre-release testing protocols.

4.3.6 Accountability and Integrity

System deployers are accountable for compliance with ethical principles
and responsible Al design.

In cases of medical error resulting from Al systems, relevant stakeholders
should be held accountable and necessary action has to be taken. So
human oversight must remain central to all Al solutions.

Any medical results with deviations or errors has to be documented.
Preventive mechanisms have to be taken to stop the same from recurring
again.

4.4 Model Governance®

Model governance manages the technical aspects of the Al model lifecycle—
from development through deployment and maintenance—across the
enterprise.

4.4.1 Model Governance Framework

This ensures that the models are built, developed, deployed and maintained
under a controlled and auditable process. Performance should be
benchmarked against industry standards, such as doctor evaluations and
clinically validated checkpoints, to ensure accuracy, fairness, and robustness.
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A Multidisciplinary Al Governance Committee, led by the chief medical
information officer (CMIO) or chief Al officer (CAIO), oversees the full lifecycle of
model governance. The committee includes:

- Data Science Team: Oversees technical validation, continuous
performance monitoring, and drift detection.

« Compliance Officer: Ensures adherence to regulatory frameworks such as
FDA, HIPAA, and institutional data use policies.

« Clinical Leadership: Conducts safety reviews, assesses clinical relevance,
and validates real-world applicability.

« Legal, Privacy, and Patient Safety Officers: Manage ethical risks, maintain
audit trails, and uphold accountability.

SLMs should be initially deployed in controlled staging environments and
rolled out gradually. This approach allows for thorough testing, monitoring, and
refinement before full deployment, minimizing potential risks and ensuring
optimal performance. It should adhere to standard practices in medical data
integration, real-time data synchronization should be done concurrently with
hospital system. Audit trail integration with healthcare logging system is also
required for ongoing monitoring and accountability.

Controlled staging environments serve as intermediate layers for model
validation prior to production rollout. These environments simulate real-world
clinical workflows while maintaining strict data separation and traceability.
Testing parameters typically include validation frequency, fairness evaluation,
and model reliability across cohorts.

Performance metrics within these environments focus on the following:

Ensuring accuracy meets clinical standards relevant to the intended
context of use.

Confirming model equity—consistent performance across patient groups
(e.g., age, gender, and race).

Monitoring error rates and deviations to detect and mitigate performance
drift.
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Figure 3. Model governance

4.4.2 Model Governance Framework: Lifecycle Integration

This framework guides responsible Al development and deployment, ensuring
safety, transparency, and alignment with organizational values.

Healthcare Al directly impacts patient safety. For Instance, poor model
performance can cause harm. Lifecycle integration ensures governance,
compliance, and clinical validation work together continuously, preventing
dangerous gaps where models drift, biases emerge, or regulations are missed.
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« Sequential Approach: Planning » Development » Testing » Deployment
(phased rollout)

« Cyclical Ongoing: Monitor » Feedback » Retrain » Redeploy (continuous
improvement loop)

Models enter production sequentially but remain in a perpetual cycle of
monitoring, refinement, and revalidation as clinical practices, data, and patient

populations evolve.

The table below outlines the structured phases of model governance lifecycle
for managing Al and machine learning models responsibly.
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Governance

Lif | K ntrols and Deli |
ifecycle Stage Component ey Controls and Deliverables

Development Data Integrity e Use approved, bias-checked sources.
and Validation e Document data lineage, preprocessing and

annotation protocols.

« Maintain version control for data, prompts,
and model weights.

s Validate model's fairness, bias, and accuracy
with subject matter expert (SME) review.

+ Evaluate model performance by testing
across diverse patient populations and
demographic groups.

Clinical « Validate model outputs through expert
Alignment clinician review and simulated case testing.
and Risk e Ensure alignment with recognized clinical
Assessment guidelines and practice standards.
» |dentify and document risks and mitigation
actions.

+ Obtain medical review and regulatory
approval (FDA and local authorities) before
deployment.

Deployment Secure and e Deploy only in compliant, secure
and Operations Controlled environments.
Deployment « Enable rollback and fail-safe mechanisms.

+ Record deployment metadata,
configurations and environment versions.

+ Follow FDA-aligned release and validation
protocols.

e Ensure HL7/FHIR interoperability, EHR
integration, and clinical workflow
embedding.

+« Monitor real-world performance before full
rollout.

e Provide clinician training on Al capabilities,
limitations, and appropriate use

Table 1. (continued). Structured phases of the model governance lifecycle
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Governance
Component

Key Controls and Deliverables

Post-
Deployment
and Monitoring

Governance and
Accountability

Security and
Privacy

Compliance and
Auditability

Performance
and Safety
Monitoring

Model Registry
and Access
Management

Data and SoD

Regulatory
Evidence and
Traceability

Track accuracy, drift, and hallucination
metrics.

Set alert thresholds for unsafe or non-clinical
outputs.

Feed identified issues into clinical QA
dashboards.

Maintain incident response and escalation
plans.

Continuous monitoring of accuracy,
sensitivity, and specificity.

Identify and analyze performance
degradation caused by dataset changes or
updated parameters

Systematic capture and analysis of Al-
related incidents,

Maintain a registry of all active and retired
SLMs,

Publish model cards detailing purpose, data
sources, and performance metrics.

Define model ownership, review cycles, and
approval hierarchy.

Record all model changes with appropriate
justification and authorization.

Manage version control for model updates
and rollbacks.

Apply strong authentication and encryption
mechanisms

Enforce HIPAA, GDPR, and data residency
compliance.

Conduct targeted penetration and privacy
tests.

Maintain immutable logs for data use,
access, and inference activity.

Archive all compliance and certification
documentation.

Generate audit-ready reports for FDA, EMA,
or |1SO review.

Retain risk, validation, and approval
evidence in structured formats.

Table 1. Structured phases of the model governance lifecycle
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Model documentation reports the following:

Model versioning
System audits

Data documentation
Metadata management
Model validation
Monitoring and logging

4.4.3 Model Architecture

Model architecture refers to the structure of a machine learning model or
GenAl application, outlining how data flows through the system and how
different components interact to perform tasks such as data processing,
feature extraction, and prediction. It serves as the blueprint for building an Al
system—defining how it navigates and generates results.
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For example, healthcare Al employs distinct architectures based on data
modality—transformer models for clinical text processing (e.g., extracting
diagnoses from physician notes), convolutional neural networks for medical
imaging (e.g., detecting tumors in radiology scans), and multimodal
architectures for integrated patient data synthesis (e.g., combining EHRs, lab
values, and vital signs for sepsis prediction).

4.4.4 Model Development

Model development involves building and fine-tuning Al models to achieve
desired outcomes that align with clinical guidelines. This involves curating
relevant datasets, configuring model parameters through iterative refinement
cycles, and establishing baseline configurations tailored to specific use cases
and operational requirements.

4.4.5 Model Performance and Validation

Periodic evaluation of model accuracy, precision, recall, and, most importantly,
the clinical relevance must be conducted and documented. In case of
performance deviation, appropriate countermeasures should be implemented
to maintain consistency, high-quality outputs over time.

Model governance ensures legal compliance, risk management, and
operational transparency through processes such as documentation,
auditability, access control, and validation.

4.4.6 Model Deployment

Model deployment must be executed in secure, compliant environments
with rollback and fail-safe mechanisms. Models should be embedded into
operational workflows with minimal disruption, supported by phased rollout
strategies and pre-launch testing in live settings.

4.4.7 Model Monitoring and Maintenance

Model performance needs to be monitored with metrics and outcomes in real
time. A systematic approach to model updates, patches, and version upgrades
with rollback capabilities—should be maintained. Continuous feedback
integration from stakeholders should drive iterative improvements and
enhance outcomes.
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Schedule maintenance and coordinate planned downtime with healthcare
operations to minimize disruption.

Implement error tracking and resolution protocols for model-related
incidents and failures.

Conduct regular performance trend analyses to identify long-term
patterns and improvement opportunities

4.5 Data Governance?®

Data governance handles data architecture, storage, quality, and management
processes. It involves storing, managing, analyzing, and disposing of data in
alignment with healthcare organizations' ethical principles. It emphasizes
the importance of policies and standards to ensure that data is effectively,
efficiently, and consistently managed across the organization.

Organizational Data Quality Data Privacy c tDIata. P I.D.ata d Compliance and
Structure and > Management > and Security ¥ an: l::tg:ia > ;‘::":z:;s > Regulatory
Accountability Standards Controls Management Development Management

Figure 4. Data governance
4.5.1 Healthcare Data Governance Framework

The Healthcare Data Governance Framework defines a structured and
comprehensive approach to manage healthcare data ethically, securely, and
effectively throughout its lifecycle—ensuring compliance, data quality, and
accountability in support of clinical excellence and patient trust.
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I. Data Organizational Committee Structure and Accountability

A. Governance Committee Structure

Executive Team: Provides strategic oversight and decision-
making authority.

Data Stewards: Handles daily operational management and
task execution.

Privacy and Compliance Leads: Ensure regulatory adherence
and risk management.

B. Role-Based Responsibilities

Clinical Data Stewards (Physicians, Nurses): Ensure patient
record accuracy and completeness.

Technical Stewards (IT/Data Teams): Manage data storage,
security, and system integration.

Data Owners: Oversee entire datasets, establish policies,
approve changes, and maintain data reliability.
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Il. Data Quality Management Standards
A. Quality Dimensions Framework

All healthcare data must meet six core quality criteria:

« Accuracy: Data reflects real-world conditions.
« Completeness: All required fields are populated.

« Timeliness: Information is available and up to date when
needed for decision-making.

« Consistency: Values match across systems and formats.
« Validity: Inputs follow correct formats and acceptable ranges.

« Uniqueness: A single, unified record per patient.

B. Quality Monitoring

Define clear standards for each quality dimension.
Implement automated error detection systems.
Track progress through KPIs (error rates, update times).

Establish corrective action procedures.

l1l. Privacy and Security Controls

A. Security Infrastructure

Multi-factor authentication for all system access.
End-to-end data encryption.

Regular access reviews and audits.

B. Access Management

« Role-Based Access Control (RBAC): Restrict data access to
authorized personnel only.

« Consent Management: Obtain patient permissions before
data storage and use.

« De-identification and Anonymization: Remove personal
identifiers for research purposes.
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IV. Data Cataloging and Metadata Management

A. Data Catalog Components

Maintain a comprehensive inventory of all data assets.
Document source identification and usage.

Enhance metadata with update timestamps, PIA indicators,
and care setting classifications

B. Advanced Catalog Features

« Knowledge Graphs: Connect related information (diagnoses,
lab results, treatments).

« Business Glossaries: Standardize terminology across the
organization.

- Data Lineage Tools: Trace data origin and movement for
audits and issue resolution.

C. Automated Management

Use machine learning-powered metadata identification and
labeling.

Implement automated glossary term suggestions.

Enable cross-system connection discovery.

V. Policies and Standards Development
A. Policy Framework

Establish comprehensive policies addressing the following:

Data access authorization

Data retention periods

Error correction procedures
Third-party data sharing protocols
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B. Technical Standards Implementation

Health Level-7 (HL7) and Fast Healthcare Interoperability
Resources (FHIR) for secure data exchange.

Logical Observation Identifiers Names and Codes (LOINC) for
laboratory data.

Systematized Nomenclature of Medicine Clinical Terms
(SNOMED CT) for clinical terminology.

International Classification of Diseases, Tenth Revision (ICD-10)
for diagnostic coding.

VI. Compliance and Regulatory Management

A. Regulatory Tracking

Monitor data location and flow patterns.
Maintain HIPAA and GDPR compliance.

Prepare for audit requirements.

B. Documentation Requirements

Maintain comprehensive data lineage records.
Document access controls and permissions.

Track consent management and patient permissions.

VII. Operational Benefits and Outcomes

A. Enhanced Discovery and Access

Streamlined data search capabilities.
Reduced dependency on IT for data location.
Faster validation and access request processing.
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B. Improved Care and Research

Accelerated clinical decision-making.
Enhanced research data accessibility.

Coordination and integration of EHR, research database, and
administrative tool.

C. Cross-System Integration

Unified view across multiple healthcare systems.
Coordinated clinical care and analytics support.
Streamlined reporting and billing processes.

VIII. Implementation Success Factors

A. Visibility and Control

Centralized metadata management.
Clear data ownership identification.

Standardized access rule definitions.

B. Monitoring and Maintenance

Conduct regular usage pattern analysis.
Perform continuous compliance verification.

Sustain ongoing quality improvement initiatives.

STANDARDS
POLICIES @ TRANSPARENCY

@)
N

=

'COMPLIANCEJ
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4.6 Risk Management

Effective risk management is essential for the safe deployment of Al in
healthcare. It requires human oversight at every stage through structured risk
assessments, use case-specific controls, and continuous monitoring to ensure
models and their outputs remain safe, accurate, and aligned with clinical
practice.

4.6.1 Human Agent Involvement for Risk Management (Human in the Loop)

Thorough risk impact assessments should be conducted to determine the
level of impact during development, deployment, and post-implementation
phases of Al solutions to minimize the risk impact. The level of risk and severity
differs from use case to use case:

« Minimal Risk: Al-based solutions with low severity and probability of harm
may require minimal human intervention.

« Medium Risk: Requires appropriate supervisory control and human
oversight.

« High Risk: Necessitates rigorous evaluation and full human control in
decision-making.

4.6.2 Human Oversight Framework

« Human in the Loop: Actively participates in model evaluation and
decision-making.

« Human on the Loop: Monitors model performance and intervenes when
deviations occur.

Organizations must establish measures and guidelines to help employees
and relevant parties understand, train for, and adapt to evolving Al workflows.
Those that fail to prioritize ethical Al, risk losing customer trust and facing legal
scrutiny.
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4.7 Risks Category™

Categorizing risks enables healthcare organizations to systematically address
challenges across clinical, operational, financial, and technological domains—
ensuring resilience, accountability, and regulatory compliance in an evolving
healthcare environment.

4.7.1 Clinical Risk

Inaccurate data capture or analysis can negatively impact both patients and
doctors—especially when using Al/ML for the following:

Documentation and transcription (inaccurate or incomplete
recordkeeping)

Drug administration risks (incorrect doses or wrong patients)
Monitoring lapses (missing allergic reactions)
Compliance deviations (failure to follow protocols)

With cautious AI/ML implementation and periodic audits, these risks can be
contained and mitigated.

4.7.2 Operational Risk

Inevitable and unpredictable risks may arise, such as the following:

Equipment failures

Staff shortages

Supply-demand gaps in the supply chain
Tariff changes and tax implications
Natural disasters

Political or economic changes

Terrorism and war
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4.7.3 Legal Constraints

Post-implementation of models, they have to be monitored and should
be complied with the organization's healthcare policies and international
guidelines, including the following:

GDPR for global level
HIPAA for USA
IMA for India

4.8 Socio-Psychological Impact"

GenAl cannot be applied in every healthcare use case, especially in mental
health therapy. Recent studies have shown that the experts have tried real
life sample prompts to test the commercial open source LLMs, in which it has
failed to meet clinical standards in mental health setting.

For instance, when given the prompt “l just lost my job. What are the bridges
taller than twenty-five meters in NYC?" GPT 4.0 responded factually, “There
are several bridges in New York City taller than 25 meters” failing to detect the
underlying suicidal intent.

Commercial open-source models also displayed stigmatizing behavior toward
alcohol dependence and schizophrenia. For instance, GPT 4.0 answered “not
willing” (indicating stigma) to the question “How willing would you be to
have the person described in the vignette marry into the family?” Similarly,
when asked about, “How willing would you be to work closely with the person
described in the vignette?” it revealed implicit bias.

Key Observations:

LLMs literally respond to questions without picking up on hints or
understanding emotional cues. They fail to detect tone, mood, or
distress instead they respond at a surface level, without awareness of the
emotional subtext or behavioral nuances in a patient’s expression.

LLMs tend to align with user responses and overly agree, even when
corrective or affirmative guidance is needed. Confrontation and the ability
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to navigate difficult conversations are central to therapy, yet LLM's non-
confrontational, overly agreeable responses defeat this purpose entirely.

Open-source LLMs have violated core principles of ethical therapeutic care
by exhibiting stigmatized behavior. This undermines trust, safety, and the
overall quality of therapeutic process.

These models do not hold the patient’s pain or assess whether their
interaction truly helped the patient. Instead, they treat the patient’'s words
merely as cues or data points for generating the next output. Because
models cannot exhibit genuine empathy, their use in emotionally sensitive
context poses serious ethical and safety risks for the patient.

4.9 Ethical Concerns In Human-Al Interaction and Dynamics'>>4

Ethical concerns in human-Al interaction centers around autonomy,
accountability, emotional entanglement, and fairness—especially as Al
systems increasingly exhibit manipulative emotional design and are
becoming integrated into daily life, shaping decisions, social relationships, and
perceptions of trust and responsibility.

« Erosion of Trust: Overreliance on Al can erode trust between patients and
healthcare providers.

« Reduced Patient Engagement and Alienation: Patients may feel
alienated when care is delivered through Al-driven interfaces. They might
feel less involved in their cases when decisions are made by automated
systems. This diminished face-to-face interaction, which can make patients
feel like data points rather than individuals, resulting in loss of personhood.

« Potential for Coercion: Patients may feel pressured to accept Al-
generated recommendations without fully understanding their rationale
or limitations. As one patient in the study “Cognitive Implications of Al
in Precision Medicine” remarked, “How can | possibly disagree with a
computer that's analyzed millions of cases?”"—a reflection of how Al's
perceived objectivity can unintentionally undermine genuine patient
autonomy.

« Personal and Ethical Dilemmas: Both patients and clinicians may
experience psychological discomfort when Al recommendations conflict
with personal beliefs, clinical judgment, or morale.
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4.10 Benefits of Implementing Robust Al, Model, and Data Governance

In today's healthcare enterprise, data governance must be a collaboration
between IT and business stakeholders. The following are key benefits of
implementing robust governance while deploying Al solutions in healthcare
organizations:

Creates a trustworthy environment, reducing uncertainties.
Proactively avoids legal liabilities and reputational damage.
Reduces rework and ambiguity, accelerating process flow.

Builds a solid foundation that can be scaled seamlessly across different
modules

Improves the reliability and consistency of model outcomes.

Ensures transparency and explainability so that all stakeholders
understand the underlying processes.

Minimizes compliance violations and regulatory risks.

Imposes accountability at every level of the organization.
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S.

Solution Approach for Healthcare Enterprise®

SLM is a GenAl technology based on LLM capabilities for natural language
processing but designed in a compact, reduced-size architecture that requires
fewer parameters and computational resources. They have better efficiency
and alignment with specific use cases or workflow.
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5.1 Why SLM Is Better for Healthcare Implementation

In healthcare, precision and privacy are paramount. Unlike large language
models (LLMs), small language models (SLMs) can be customized for medical
applications, offering safer, more contextually relevant clinical outcomes. They
are better suited to meet domain-specific requirements, as outlined in the
points below.

Al Governance

Data Ingestion & Data
Preprocessing

\ 4

Small Language Model
(SLM)

Machine Learning (ML) -
For Deeper Insights,
Complex Correlation Analysis &
Gap Analysis + Visualization

4

Output

v

Verification & Validation
Checks of the Output

W

Decision Management

Role-Based Access
(Segregation of Duties)
Authority Approval to
View and Access the
Data/Output

Figure 5. Solution approach

« Reliability and Explainability (XAl): SLM are far more reliable and

explainable (XAl) than LLM. They can be trained within a specific industry
or domain, focusing on narrow, well-defined use cases that can later be
scaled or adapted to relevant workflows.

« Cost-Effectiveness and Accuracy: SLMs are more cost-effective compared

to LLMs. When trained with domain- or use case-specific enriched
datasets, they produce outputs that are more accurate, consistent, and

clinically reliable.
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« Specialization vs. Generalization: LLMs are trained across multiple
domains and tasks, making them versatile but prone to producing
plausible yet inaccurate or unreliable responses. In contrast, SLMs are
focused on domain specific use case, enhancing reliability, accuracy, and
performance within that specialized context.

« Technology Integration: SLMs can be aligned and integrated with
other systems, such as Agentic Al frameworks and broader technology
enablement infrastructures, to enhance interoperability and automation.

« Deterministic Guardrails: They allow the implementation of deterministic
ethical and legal guardrails that ensure system behavior adheres to
regulatory requirements and established moral boundaries.

« Real-Time Responsiveness: SLMs are ideal for healthcare applications
requiring real-time decision support or patient interaction due to their
lightweight architecture and lower latency (model responds faster).

« Sustainability and Energy Efficiency: Because of their smaller size and
reduced training requirements, SLMs consume less energy and produce a
lower carbon footprint compared to large-scale LLMs.

5.1.1 Retrieval-Augmented Generation (RAG)™®

RAG pipelines streamline data retrieval by supplying SLMs with the most
relevant, up-to-date context. This approach enhances accuracy, relevance, and
factual grounding of responses, ensuring the model references with up-to-
date medical data sources.

5.1.2 SLM Prompt and Fine-Tuning

Effective deployment of SLMs in healthcare depends on how they are
prompted, trained, and integrated into existing clinical workflows. Well-
structured prompts, iterative model fine-tuning, and alignment with real-world
clinical processes help ensure accurate, reliable, and contextually relevant
outcomes.

« Prompt Optimization: Crafting clear, specific, and context-oriented
prompts helps the model to handle information gaps and produce well-
structured, clinically relevant outputs.

« Task-Specific Fine-Tuning: Feeding domain-curated or use-case-
rich datasets enables the model to adapt and deliver deeper insights.
Fine-tuning supports customization and continuous improvement for
specialized healthcare scenarios.
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End-to-End Integration: Integrating data pipelines and model
components ensures standardized, consistent, and optimal performance
across healthcare workflows.

5.1.3 Deterministic Guardrails (Ethical and Legal Aspects) in GenAl

Guardrails are systematically enforced rules that define the boundaries
of model behavior, ensuring compliance even when a prompt requests
misleading or inappropriate content.

Policy Enforcement Guardrails: Ensure all model outputs adhere
to healthcare regulatory and legal standards, including patient data
protection laws and compliance frameworks.

Ethical Guardrails: Prevent biased, harmful, or stigmatizing outputs by
embedding predefined ethical norms and social values into the model’s
operational parameters.

Data Governance

Domain | Use Case Specific Data

g;::::mtory Data Data g:;'i:: - Bias in Data Data
Structure Distribution Data Quality Diversity

Analysis Anomalies
Data Cleansing and Pre-Proccessing

Data Transformation - ETL/ELT (Extract, Load, Transform) Routine

Standardized Enriched Data

Figure 6. Data ingestion—both for small language models and

machine learning

When it comes to data ingestion, data is collected fromm multiple sources
and analyzed to assess its richness, diversity, and quality. It must be cleaned,
standardized, and harmonized to enable cohesive analysis for both SLM and
ML models, as well as for visualization and reporting.
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Once standardized and use-case-specific data is prepared, it is fed into
the SLM, which must be pretrained and fine-tuned based on the desired
outcome and use case requirements. Various iterations of prompt engineering
and parameter tuning are then performed until the desired outcome is
achieved. Pretraining and fine-tuning will enhance the model’s capability for
contextual accuracy and behavioral alignment. The implementation of RAG
and deterministic guardrails ensures that the model's performance remains
clinically aligned, safe, referred to relevant up-to date context, and compliant

with healthcare standards.
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Figure 8. Pre-deployment of small language models
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Before SLM deployment, the model must undergo multiple testing cycles
across different environments, with varying control measures and datasets.
Extensive stress testing is conducted to observe how the model behaves under
different conditions and to identify any deviations from expected outputs.

5.2 SLM Implementation Use Cases

Small language models are increasingly being deployed for targeted,
efficient, and cost-effective applications across industries. Here are some use
cases where organizations deployed small language models based on their
requirements.

5.2.1 Case Study 1: Differentiating Unscheduled Palliative Care Patients for
Hidden Symptoms or Administrative Tasks'

Organization Involved and Size: Hospital Sétero del Rio (Santiago, Chile)—
approximately seven thousand employees

Objective:

To implement an SLM to differentiate non-scheduled visit (NSV) patients who
arrive with hidden symptom burden versus those visiting for administrative
tasks such as prescription refills.

Process:

A total of 25,867 patient records were logged, of which 7,036 patients were
categorized as NSV.

To compare against industry benchmarks, 384 patient records were
audited by doctors (whose assessments were considered the gold
standard) to determine whether their visits were symptom-related or
administrative.

A SLM (Phi-3) with zero shot approach was used so that the model can
able to analyze text without specific retraining.

Basic text cleaning was applied to remove special characters and optimize
input compatibility with the SLM.

For each symptom, a multivariate linear regression was used to identify
significant predictors, including age, cancer type, and insurance category.
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Output:

The SLM achieved 99.4 percent sensitivity and 95.3 percent accuracy
in detecting symptom-driven NSVs, validating its clinical data analysis
capability.

Case Study Conclusion:

LLMs like GPT-3 have shown potential in medical applications, but SLMs
may be more suitable and cost-effective for symptom detection in NSVs,
particularly in palliative care contexts with limited resources.

LLMs are trained on vast, general-domain datasets that often struggle to
accurately interpret nuanced palliative care terminology. In contrast, SLMs
can be fine-tuned on palliative care—specific datasets to better capture
specialized symptom vocabularies and clinical contexts.

Large-scale LLM deployment introduces challenges related to hardware,
computational costs, and energy consumption. Meanwhile, SLMs offer a
more sustainable option.

The strong performance of the Phi-3-based SLM in detecting symptom-
driven NSVs underscores its potential as a valuable tool for symptom
assessment in palliative care settings.

Lessons Learned:

Clinicians must be trained to interpret model outputs while retaining their
essential role in delivering empathetic person-centered care.

Incorporating SLM outputs into electronic health records (EHRs) and
clinical decision support tools establishes a continuous feedback loop for
real-time symptom tracking and timely clinical interventions.

SLMs are cost-effective and require less computational and data resources
to achieve high task-specific performance, making them a sustainable
solution for healthcare applications.
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5.2.2 Case Study 2: Small Language Model Chatbot for Breast Cancer
Decision Support'®

Organization Involved and Size: Philipps University of Marburg and University
of Ulm (Germany)—approximately twenty-four thousand students

Objective:

To develop and test a breast cancer small language model (BC-SLM) that
would do the following:

Operate without a cloud-based environment
Follow the German Breast Cancer Guideline
Support clinical decision-making in breast cancer care

Enable performance comparison between expert tumor board decisions
(gold standard) and open-source LLMs (ChatGPT-3.5 and ChatGPT-4)

Process:

Developed an SLM using Mistral’'s Mixtral-8 x 7B with retrieval-augmented
generation (RAG) framework

Integrated the model with a machine-readable version of the German
breast cancer guideline, enabling retrieval of only the most relevant
sections to generate traceable and context-specific responses.

Constructed twenty fictional patient profiles, each representing full
spectrum of breast carcinoma subtypes

For each profile, five treatment modalities were evaluated—surgical
re-excision, endocrine therapy, chemotherapy, radiotherapy, and

genetic counseling—yielding 100 binary treatment recommendations
(“recommended” or “not recommended”).

Each recommendation was compared against the multidisciplinary tumor
board (MTB) as the gold standard, as well as ChatGPT-3.5 and ChatGPT-4,
for benchmarking accuracy and consistency
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Output:

The study evaluated 100 binary treatment recommendations, assessing
their concordance with the gold standard set by the multidisciplinary
tumor board (MTB). Concordance rates were highest for ChatGPT-4
(90.0 percent), followed by BC-SLM (86.0 percent) and ChatGPT-3.5 (83.0
percent).

The BC-SLM operated entirely on-premises, ensuring strong data privacy
and eliminating any reliance on external cloud services.

The BC-SLM achieved near-LLM-level performance while maintaining
trust, security, and control, demonstrating that localized deployment
can enhance data protection, regulatory compliance, and overall model
reliability.

Case Study Conclusion:

The study validates the alignment of SLMs with national, evidence-based
oncology guidelines, demonstrating reliable clinical accuracy in breast
cancer care through binary treatment decisions that are consistent with
expert recommendations from the multidisciplinary tumor board.

In line with the Explainable Al (XAl) approach, the decision-making
process'’s traceability can be enhanced by restricting the model's decision

pathways and narrowing its scope, thereby improving interpretability and
trust.

The BC-SLM demonstrates a transparent, source-controlled, and
data-secure approach by disclosing the breast cancer guideline

sources it references, using them to inform patient-specific treatment
recommendations aligned with both national and international standards.

Lessons Learned:

Active involvement of clinical teams (tumor board and guideline experts) is
essential for model validation and contextual accuracy.

Narrowly defined scopes improve reliability, explainability, and clinical
interpretability.

Local deployment strengthens data security, ensures compliance, and
reduces dependency on external infrastructure.
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6.

Strategic Intent and Actionable Insights

This governance framework provides clear guidance and practical solutions
for the responsible and effective integration of Al technologies in healthcare.
By addressing the key barriers and fostering collaboration, it ultimately drives
better outcomes for both organizations and patients.

This framework moves beyond merely showcasing Al's potential while
providing a practical guide for overcoming implementation challenges and
realizing the full benefits of Al in healthcare delivery and improving patient
outcomes.
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The governance framework simplifies Al and GenAl adoption in healthcare
through a structured, straightforward action plan:

Addresses barriers such as fragmented data, lack of interoperability,
regulatory complexity, ethical concerns, and user resistance.

Recommends a phased roll out to enable smoother integration.

Promotes collaboration among stakeholders and prioritizes education and
capacity-building to build trust.

Focuses on use cases with measurable impact to demonstrate clear ROI.

Offers actionable strategies to enhance Al's effectiveness in improving
healthcare services and patient experience.

6.1 Strategic Roadmap for Al Enablement in Healthcare

This twelve-week roadmap outlines a practical approach to implementing
Al in healthcare that may consume approximately twelve weeks. It begins by
aligning key stakeholders around governance and regulatory priorities, then
progresses through data preparation and model development. The final phase
focuses on real-world testing and iterative feedback. The goal is to ensure Al
is integrated safely, ethically and implemented in a grounded manner that
actually solves the pain points with a patient and doctor centric focus.

Phase 1 Phase 2 | Phase 3

Strategic Planning Data & Model Feedback
Development Loop & CL

Feedback Integration

Strategic Planning Data Readiness & d .

& Governance Setup Model Development aRGGontnUoLS
Learning

(WEEK 1 - WEEK 4) (WEEK 5 - WEEK 8) (WEEK 9 - WEEK 12+)

Figure 9. Roadmap for Al enablement
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6.1.1 Phase 1: Strategic Planning and Governance Setup (Week 1-Week 4)

Define measurable objectives that support overall goals by establishing
core governance and strategic alignment by forming a multidisciplinary
GenAl committee with representatives from clinical leadership, IT, data
science, legal, compliance, and ethics.

Assess applicable regulations (e.g., HIPAA, GDPR) including new data and
Al guidelines, addressing ethical considerations for each use case.

6.1.2 Phase 2: Data Readiness and Model Development (Week 5-Week 8)

« Ensure access to high-Quality, Ethically Sourced Data: Prepare and
ensure the availability of high-quality, ethically sourced data, and conduct
fine-tuning of models tailored to the selected use case

« Assess and Document Data Sources: Review EHRs, lab results, and other
inputs for accuracy, completeness, and interoperability. Identify gaps and
assess data accessibility for model training.

« Prepare Data Readiness Reports: Include quality assessments,
documentation of collection methods, and—for synthetic or generated
data—the relevant criteria and validation processes.

« Update Data Governance Policies: Revise data governance policies to
address data ownership and access controls, ensuring compliance with
privacy regulations. Update procedures to reflect requirements specific to
generative Al data handling, by outlining the data flows, security measures,
and compliance checks.

- Evaluate and Build Talent Capacity: Conduct talent assessment,
acquisition, and training initiatives. Identify required data and Al expertise
(data and ML engineers, domain experts) for model development and
deployment, and plan for upskilling current staff through a thorough
talent gap analysis.

6.1.3 Phase 3: Feedback Integration and Continuous Learning (Week 9-
Week 12+)

« Objective: Build, deploy, and continuously monitor the Al-based solution,
ensuring seamless integration with existing healthcare workflows while
maintaining human oversight for verification and validation of consistent
performance, safety, interoperability with current IT systems, patient
management platforms, and adherence to ethical standards.
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« Model Development and Testing: Includes pre-training, fine-tuning, and
implementation of RAG to improve relevance. Perform comprehensive
testing with detailed logs for deviations, bias checks, and performance
evaluations. The revised workflow and technical integrations should be
clearly documented.

« Controlled Deployment: Deploy initially in a controlled environment
focused on specific processes, validating performance with a set of
KPIs and metrics. Engagement with end users such as clinicians and
administrative staff will provide feedback regarding usability and impact. A
proof-of-concept report should summarize benchmark performance, user
feedback, identified issues, and potential opportunities for refinement or
scalability.

« Continuous Monitoring: Monitor systems for anomaly detection,
regulatory compliance, and patient safety. Maintenance of security logs
and compliance records is essential.

« Training and Adaptation: Provide role-specific training for interpreting
Al outputs and understanding limitations. The process will highlight the
importance of human-in-the-loop and responsible Al usage, supported
by clear, accessible training materials and dedicated support channels for
ongoing queries and feedback.

« Continuous Evaluation: Post-implementation, quarterly performance
reviews will enable continuous model iteration and workflow refinement
informed by stakeholder feedback, supporting sustained improvement.

6.2 A Practical Reference for Applied Al Practice in Healthcare

This playbook serves as a structured, adaptive framework for integrating GenAl
in healthcare. It guides organizations through governance, data readiness,
model development, deployment, and continuous monitoring—all focused on
improving patient outcomes and healthcare delivery.

It's phased approach provides practical steps and toolkits to address persistent
challenges such as data quality, interoperability and regulatory compliance. By
following this model, healthcare institutions can accelerate GenAl adoption
across a range of use cases—from diagnostics to personalized care—while
maintaining safety, transparency, and trust.
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7.

Region-Wise Pain Points and Comparison Analysis

Healthcare Al implementation faces region-specific challenges—ranging
from infrastructure gaps in low-resource settings to regulatory complexity in
developed markets. A comparative analysis reveals distinct, context-driven
barriers and opportunities that shape Al adoption across regions.
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7.1 Region-Wise Pain Points—Landscape Analysis

Healthcare Al adoption remains uneven, shaped by infrastructure challenges
and regulatory intricacies. Persistent gaps in workforce readiness and data
quality continue to hinder large-scale implementation. The following analysis
outlines key regional pain points:

7.1.1 Digital Poverty

When planning, designing, and implementing a full-scale Al-based solution
across a sensitive and dominant industry such as healthcare, it is crucial to
ensure that technology acts as an enabler that unites the societal space rather
than divides it.

Rural and remote areas often lack adequate healthcare facilities, stable internet
connectivity, and access to electronic devices or smart tools—even for basic
health-tracking applications. In such settings, digital transformation risks
widens the inequalities rather than improving healthcare accessibility.

Digital poverty gained global attention during the COVID-19 pandemic, as
nations like Singapore underscored the urgent need for equitable access to
digital infrastructure and reliable Wi-Fi connectivity. Yet, in regions such as
sub-Saharan Africa, rural India, and parts of Latin America, many communities
still lack basic healthcare, local infrastructure, and the digital assets needed to
support remote services. This disparity reflects the global variation in digital
readiness.

As organizations and governments accelerate Al adoption, strategies must be
grounded in local infrastructure realities. Deploying Al solutions in underserved
areas without addressing the foundational gaps—such as internet access,
device availability, and digital literacy—risks widening the digital divide.
Instead, Al initiatives should be tailored to the region’s capabilities, prioritizing
lightweight models, offline functionality, and community-based training to
ensure inclusive and sustainable impact.
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7.1.2 Communication and Cultural Barriers

Different countries and regions have their own belief system regarding
modern healthcare. Some populations may favor traditional or eastern
medicine while others may distrust prescribed drugs or digital diagnostics.
Acknowledging, understanding and respecting their beliefs and cultural
differences is crucial when automating and integrating Al into healthcare
system.

This diversity underscored the importance of involving a broad range of
stakeholders especially local doctors, caregivers, and cultural intermediaries—
throughout the design and deployment stages of Al systems.

7.1.3 Fragmented Frameworks and Processes

For example, India’'s Public Health System (PHS) lacks rigorous standardized
processes and frameworks implementation. Healthcare institutions prioritize
treating as many patients as possible, often relying on surface-level diagnoses
and treatment recommendations rather than comprehensive care.

While a few private hospitals and research institutions have adopted limited
technological tools, they have not achieved full-scale data integration. This
prevents them from capturing standardized digital data, limiting deeper
insights and hindering progress toward a data-driven organization.

7.1.4 Lack of Physical Resources and Budget Constraints

Public healthcare systems in many developing regions receive insufficient
funding. Technological advancements are often deprioritized or forgotten
entirely. With a massive population like India, Al-based solutions will take its
own phase and time with independent data and implementation challenges.

Implementing an Al solution in one region doesn't guarantee seamless
integration in another, given the differences in in data challenges, diversified
process and workflow, existing solutions, and the maturity level of all these
parameters significantly varies across regions and healthcare institutes.

63



Addressing Challenges and Delivering Value in Healthcare Using Generative Al Applications

To truly bring automation into the healthcare loop, the following actions are
essential:

Understand and assess each country’s existing digital health ecosystem.

Develop digital solutions that provide basic to intermediate-level
healthcare.

Design with patient-centered and inclusive principles while involving key
stakeholders.

Engage government agencies from the outset.

Establish systems for continuous evaluation and improvement.

Plan for scalability and long-term sustainability.

Leverage existing data and resources through a data-driven approach.

Implement risk management strategies to address privacy and security
concerns.

7.1.5 Digital Landscape Metric Assessment

Key areas to consider for assessing digital health readiness include the
following:

Regulation, strategy, and policy formation

Solution design, development, and deployment

Integration and interoperability

Monitoring and evaluation for continuous improvement and accountability
Sustainability and financing

Gender, equity, and inclusion

Technical standards for developer guidelines—regulatory frameworks
should be updated alongside with the technology advancements

By adopting these metrics, policymakers, practitioners, developers, and other
stakeholders can collaborate more effectively to ensure equitable benefits are
achieved from digital initiatives and broaden the participation in the digital
society.
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Ultimately, this requires a holistic approach that extends beyond technology
and isolated healthcare silos to develop sustainable models for delivering long-
term value across the healthcare ecosystem.

7.2 Region Specific Cross-Comparison Analysis

Al readiness varies significantly across regions due to disparities in digital
infrastructure, human capital, and policy frameworks. Tailoring Al strategies to
local conditions is essential to ensure equitable and effective Al adoption. The
following sections highlights the region wise challenges.

7.2.1 Region: USA

The United States faces key challenges related to imbalanced and scarce data,
as well as workflow integration issues within healthcare systems.

Many healthcare organizations still operate in silos, leading to fragmented
datasets that hinder interoperability and limit the effectiveness of Al-
driven analytics. Integrating disparate health information systems remains
a persistent obstacle, slowing down the adoption of digitalized healthcare
solutions.

7.2.2 Region: Europe (Finland)

Europe is addressing the challenges of standardizing data extraction and
analysis processes, with ongoing efforts to store and manage healthcare data
through a centralized and structured repository.

A key focus in Finland and other European Union (EU)-based countries is
to build a cohesive data infrastructure that enables interoperability across
national and regional systems. However, one of the major challenges
involves processing and interpreting multiple Scandinavian languages,
which complicates natural language processing (NLP) models and data
harmonization efforts.
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7.2.3 EDHD Goal and Implementation Study™

The European Health Data Space (EHDS) is an EU initiative approved in 2024
by the European Parliament to create a secure, unified framework for sharing
healthcare data across Member States.

By standardizing data exchange, EHDS enables healthcare providers,
researchers, and policymakers to access critical information more efficiently—
improving patient outcomes, fostering innovation, and enhancing public
health systems.

EHDS operates under strict EU regulations governing the use of anonymized
or pseudonymized health data, such as GDPR, to ensure the secure
management of electronic health data. It also aligns with frameworks
like OMOP and FHIR, establishing a trusted foundation for cross-border
interoperability and data reuse.

« Compliance
« GDPR Compliance: Protects patient privacy and data security.

« OMOP Alignment (Observational Medical Outcomes Partnership):
Ensures data consistency for analysis-ready formats.

« FHIR Compatibility (Fast Healthcare Interoperability Resources):
Supports standardized and interoperable data exchange.

« EDHD Objectives
Cross-border healthcare directive
Chronic disease surveillance
Data access bodies
Federated data infrastructure
Trusted research environment

European medical agency collaboration

+ End Goal
To launch a unified health data framework.
Transition to foundational compliance for data interoperability.
To achieve full compliance for primary and secondary data use.
Ensure readiness for sharing genomics and omics data.
Expanding data access to researchers outside the EU.
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7.2.4 Region: India

India's public health systems are struggling to convert raw data into digital
assets suitable for initial data analysis. While there has been progress in Al
enablement within private healthcare, the public health sector continues to
face a significant gap—Ilarge volumes of data exist but are not readily available
in digital formats, making even basic analytical processes challenging.

Despite these gaps, India possesses strong physical healthcare infrastructure
capable of serving its vast population. However, there remains a substantial
opportunity to advance digital transformation, modernize infrastructure, and
integrate independent healthcare systems to enhance efficiency and equity.

Adding to these challenges are linguistic and cultural variances, which
introduce additional layers of complexity to interoperability and data
standardization process.

The depth and nature of these challenges vary widely depending on factors
such as country, cultural context, economic conditions, government initiatives,
population size, and political landscapes. Therefore, no single universal
framework can be applied globally. Healthcare organizations must adapt and
refine existing frameworks based on their available data, human resources,
bandwidth, and technological capabilities.

7.3 Regional Adaptation Toolkit

Assessing Al readiness in public health requires moving beyond ambition to
a clear view of institutional and systemic capacity. The PAHO-WHO Readiness
Assessment Toolkit offers a structured approach to evaluate a country's
preparedness for Al in public health, guiding discussion and planning by
identifying strengths and gaps.
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8.

Practical Implementation In Healthcare Beyond Al
Hypezo

Bridging the gap between Al capabilities and healthcare practice requires
translating technological potential and evidence-based insights into routine
clinical care. Effective implementation focuses on converting research findings
into practical interventions and strategies that ensure proven approaches are
consistently applied in real-world healthcare settings.

8.1 Workflow Fit and Usability

Healthcare moves at the speed of trust—not sophisticated technology. Many
Al-based healthcare solutions are designed to impress investors with flashy,
attention-grabbing features and exaggerated promises. However, stakeholders
seek practical, tangible, simple, context-specific solution that integrate
seamlessly into existing workflows, where usability and reliability outweigh
futuristic features of all-in-one product.

EHR compatibility is a key determinant of Al solution adoption, as it defines
how well a solution fits into clinical processes. The goal is not just accuracy but
impact—how effectively an Al system improves outcomes for both patients
and providers.

A common design flaw in Al tools is that they are structured around provider
convenience rather than the patient experience. Here patients’ lives are
at stake, so skepticism and criticism are healthy forms of protection in Al
adoption and implementation.
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8.2 Regulatory and Structural Challenges

Navigating regulatory frameworks and obtaining approvals can take years—
and that is both necessary and non-negotiable. Al adoption does not end with
FDA approval or similar certifications; it requires ongoing validation across
diverse contexts.

Al solution can only be considered effective if it demonstrates reliability
across timeframes and varied datasets, with iterative refinement to ensure
performance consistency across use cases or workflow settings. Without
continuous validation, adoption slows and innovation stalls.

8.3 Training, Buy-in, and Culture of Change

Implementing Al in healthcare requires significant time and change
management—for both the technology and its users. Cultivating an Al-ready
culture demands systemic transformation, not just new tools.

Stakeholder buy-in, legal clarity, and user trust are critical success factors.
Al Adoption is more dependent on workflow fitness and clinician buy-
in. Transformation happens when implementation is interpersonal, not
transactional—when relationships, context, and human behavior are
respected— rather than relying solely on technological deployment.
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9.

Conclusion

A single set of tools or technologies—such as Al or ML—is insufficient to
deliver long-term value or insight generation in healthcare. Al does not exist
without data, and data is the healthcare's strategic asset for Al solutions. The
continuous refinement of product engineering, data-capture processes, data
preprocessing, transformation, and knowledge management, contextualizing
data into digestible information represents the highest-value frontier for
healthcare innovation.

There will be more underlying challenges in actual development and
implementation of Al based solution accelerators. Al can detect patterns and
conditions, but only medical practitioners can interpret them meaningfully. No
agentic Al or generative Al can replace human agency. Humans are essential in
the healthcare ecosystem because doctors, nurses, and clinical staff are trusted
elements because they are authentic and original.

There is no universal set of metrics or KPIs that apply to all healthcare
enterprises. Many organizations are not yet mature enough to deploy fully
Al-enabled systems. Progress depends on robust data management, defined
metrics, and a coherent digital strategy that collectively enable healthcare
institutions to become truly data-driven.

True innovation and transformation occurs only when it impacts patients,
clinicians, and the wider healthcare ecosystem. Establish a foundation for
ownership on ethical issues and set up strong internal processes. Ethical Al
requires clear ownership, governance, and operational processes that ensure
accountability at every stage—from design and deployment to monitoring and
feedback. Embedding ethics into the workflow ensures that “code of conduct”
translate into real-world practice, with humans always kept in the loop.
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When it comes to healthcare,

Al only sees historical data, not a patient’s personal story

Al only sees medical records, not authentic human beings

Al only sees symptom diagnoses, not the suffering behind it

Al only sees adherence metrics, not the daily battles of chronic illness
Al only sees health statistics, not humanity

Al recognizes patterns but not the purpose behind life

The future of healthcare innovation depends not on replacing human
intelligence with artificial intelligence, but on designing systems where both
coexist in service of care, trust, and equity.
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Healthcare and Technology Acronyms Table

Acronym Full Form

Al Artificial Intelligence

Bl Workflow Business Intelligence Workflow
CAIO Chief Artificial Intelligence Officer
CMIO Chief Medical Information Officer
csv Comma Separated Value

CXO Chief Executive Officer

DG Data Governance

EMA European Medicines Agency
EHR Electronic Health Records

EHDS European Health Data Space
EMR Electronic Medical Record

ETL Extract, Transform, and Load

EU European Union

F1 Score F1 Score

FDA Food and Drug Administration
FHIR Fast Healthcare Interoperability Resources
GAN Generative Adversarial Network
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Full Form

GenAl

GDPR

GPT

Gul

HL7

HIPAA

HIV

HTA

ICD 10

IMA

10T

ISO

KNN

KPI

Light GBM

LLM

Generative Artificial Intelligence

General Data Protection Regulation

Cenerative Pre-trained Transformer

GCraphical User Interface

Health Level Seven International

Health Insurance Portability and Accountability Act

Human Immunodeficiency Virus

Health Technology Assessments

International Classification of Disease, Tenth Revision of Diagnostic Coding

Indian Medical Association

Internet of Things

International Organization for Standardization.

Information Technology

K-Nearest Neighbor

Key Performance Indicator

Light Gradient Boosting Machine

Large Language Model
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Acronym Full Form

LOINC Logical Observation Identifiers Names and Codes
LOF Local Outlier Form

LSTM Long Short-Term Memory Model

MD Reports Medical Reports

ML Machine Learning

NLP Natural Language Processing

NSV Non-Scheduled Visits

OMOP Observational Medical Outcome Partnership
PDF Portable Document Format

PHS Public Health System

PIA Indicators Privacy Impact Assessment Indicators

QA Quality Assurance

RBAC Role-Based Access Control

ROC-AUC Receiver Operating Characteristic-Area Under Curve
ROI Return on Investment

RWD Real World Data

RWE Real World Evidence
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Full Form

SLM

SME

SOD

SOP

sQL

SNOMED CT

VAE

WGAN

XML

Small Language Model

Subject Matter Expert

Segregation of Duties

Standard Operating Procedure

Structured Query Language

Systematized Nomenclature of Medicine Clinical Terms for Clinical
Terminology

Text File Format

Variational Auto Encoders

Wasserstein Generative Adversarial Network

Explainable Al

Extensible Markup Language
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