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| ABSTRACT
Despite advancements in healthcare access, significant disparities persist in health insurance coverage among vulnerable

populations in the United States. These gaps disproportionately affect racial and ethnic minorities, low-income groups, and rural
communities, leading to poor health outcomes and increased financial strain (U.S. Department of Health and Human Services,
2022). This research explores how machine learning (ML) can be leveraged to identify, predict, and address these coverage gaps
using large-scale datasets such as electronic health records (EHRs), insurance enroliment data, and demographic information. By
applying predictive analytics, the study aims to uncover patterns of underinsurance and non-enrollment, enabling proactive
outreach and policy interventions (Rajkomar, Dean, & Kohane, 2018). The research evaluates current ML models for their accuracy,
ethical implications, and effectiveness in informing targeted outreach strategies. Furthermore, it discusses how health
policymakers and insurance providers can use these insights to implement data-driven solutions that promote equitable access
to care. This study contributes to the ongoing dialogue on health equity, technology integration, and value-based insurance
design in public health policy (Obermeyer, Powers, Vogeli, & Mullainathan, 2019).
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1. Introduction

Despite extensive reforms and technological progress in the U.S. healthcare system, significant disparities in insurance coverage
persist, particularly among vulnerable populations. Racial and ethnic minorities, low-income individuals, and rural communities
remain disproportionately underinsured or completely uninsured, resulting in adverse health outcomes, delayed care, and
increased financial hardship (U.S. Department of Health and Human Services, 2022). These insurance coverage gaps not only
undermine public health but also burden the healthcare infrastructure with avoidable costs and inefficiencies (Bailey et al., 2017).

Machine learning (ML), a rapidly advancing subset of artificial intelligence, has demonstrated immense potential in transforming
healthcare delivery and policy by enabling predictive modeling and pattern recognition in large datasets (Rajkomar, Dean, &
Kohane, 2018). Integrating ML into the health insurance domain allows for the identification of trends and risk factors contributing

Copyright: © 2025 the Author(s). This article is an open access article distributed under the terms and conditions of the Creative Commons
Attribution (CC-BY) 4.0 license (https://creativecommons.org/licenses/by/4.0/). Published by Al-Kindi Centre for Research and Development,
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to non-enrollment and underinsurance, offering a data-driven approach to crafting targeted interventions and policies (Chen et
al, 2021).

Furthermore, ML applications in healthcare have shown promise in addressing health disparities through personalized care models
and equitable decision-making systems (Topol, 2019). However, these technologies must be deployed carefully to avoid
perpetuating existing biases—particularly those embedded within historical healthcare data and algorithms (Obermeyer, Powers,
Vogeli, & Mullainathan, 2019). Ethical ML integration requires transparent methodologies, ongoing evaluation, and stakeholder
engagement, especially in contexts involving sensitive demographic and socioeconomic data (Wiens et al., 2019).

This research explores the use of machine learning techniques to predict and mitigate insurance coverage gaps by analyzing
electronic health records (EHRs), insurance enrollment data, and demographic variables. The objective is to develop actionable
insights for policymakers and insurance providers to implement equity-driven strategies. By fostering a more inclusive healthcare
system, this study contributes to the broader movement toward value-based care and systemic equity (Gianfrancesco et al., 2018).
The research also examines the regulatory, technical, and ethical implications of adopting ML in public health settings and
emphasizes the importance of equity-first design in technological innovation (Carroll et al., 2021).

2. Literature Review

Health insurance disparities in the United States continue to challenge efforts to deliver equitable healthcare access. A growing
body of literature emphasizes the potential of machine learning (ML) to mitigate these gaps through predictive analytics and
targeted interventions. Researchers have increasingly focused on how ML models can identify underinsured populations by
analyzing patterns in large-scale healthcare and demographic datasets (R. Bhatia, 2025b).

A critical foundation of this field is the use of predictive modeling to understand insurance dynamics. Supervised learning
algorithms have effectively predicted healthcare coverage gaps by leveraging patient data across insurance claims and clinical
histories (Misi¢ et al.,, 2020). Ensemble learning techniques applied to Medicare data have revealed key predictors of non-
enrollment and disparities in preventive service utilization (Nguyen et al.,, 2022).

The utility of natural language processing (NLP) in analyzing unstructured data—such as physician notes and EHR comments—has
also shown promise. NLP-driven models can uncover implicit socioeconomic indicators influencing access to care, enabling more
nuanced predictions (Dligach et al., 2021; Goldstein et al., 2019).

Machine learning's role in promoting health equity is becoming increasingly important in public health policy. Algorithm-informed
decisions have been shown to reduce disparities by geographically targeting underserved zip codes (Price et al., 2023; Lin et al.,,
2020).

However, ethical concerns remain. Machine learning models may perpetuate systemic bias if historical data reflect longstanding
inequities (Adamson & Smith, 2018; Obermeyer & Mullainathan, 2020). Racial bias in medical algorithms has been documented,
highlighting the importance of continuous data auditing and inclusion of diverse datasets (Bhatia, 2025).

Technological frameworks must also prioritize interpretability and user trust. Tools such as LIME (Local Interpretable Model-
agnostic Explanations) help demystify ML predictions and make them more transparent to clinicians and policy actors (Ribeiro et
al., 2016; Rajpurkar et al., 2022).

Multi-modal data integration, including EHRs, census data, and geospatial analytics, has emerged as a promising avenue. Such
holistic models that consider community-level deprivation indexes are more effective in identifying gaps in insurance coverage
(Suresh & Guttag, 2021; Carroll et al., 2021).

Machine learning models have already been applied in real-world coverage expansion efforts. A pilot study using Al to guide
Medicaid outreach in rural California resulted in a 17% increase in enroliment (Lin et al., 2020; Nguyen et al., 2022).

Inclusive design and participatory development are increasingly viewed as essential components of responsible Al in healthcare.
Engaging community stakeholders in algorithm development ensures relevance and reduces the risk of unintended harm
(Rajpurkar et al., 2022; Wiens et al., 2019).
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3. Methodology

3.1 Data Collection and

Preprocessing

To build an effective machine learning (ML) model for identifying and mitigating insurance gaps, the study utilizes diverse datasets
reflecting healthcare access, socio-economic status, and insurance behavior. Key sources include:

Data Preprocessing Steps

Moo=

Minority Oversampling Technique)

3.2 Feature Engineering

Electronic Health Records (EHRs) from hospitals and healthcare networks

Public datasets from Medicare and Medicaid (CMS Provider Utilization and Enrollment Files)
U.S. Census Bureau demographic and geographic datasets
Insurance enrollment records from private insurers and state exchanges
Synthetic datasets from public data repositories and healthcare equity projects

Data Cleaning: Removal of duplicates, null values, and inconsistent entries

Normalization & Standardization: Ensuring features are scaled appropriately for ML algorithms

Anonymization: Compliance with HIPAA standards through patient de-identification (Sarkar, Ayon, et al., 2023)
Balancing the Dataset: Addressing class imbalance (insured vs. uninsured) using techniques like SMOTE (Synthetic

Feature engineering is crucial for transforming raw data into actionable predictors that enhance model accuracy. Drawing from
recent studies on outlier detection and structured ML approaches in healthcare (Roy Puja et al., 2024; Dey et al,, 2025), relevant
features are extracted across multiple categories:

Feature Category

||Examp|e Features

||Ro|e in Insurance Gap Detection |

Socio-Demographics

Income level, education, ethnicity

Identifies populations historically excluded from
coverage

Geographic Access

Distance to nearest hospital, urban vs. rural

Detects healthcare deserts with low access to
providers

Health Utilization

HFrequency of visits, chronic illness history

HFIags high-need but uninsured individuals

Policy Enrollment
Behavior

Lapses in coverage, late enrollment

Identifies behavioral trends linked to
underinsurance

Temporal Patterns

Open enrollment timing, claim seasonality

Reveals time-based discrepancies in insurance
access

Anomaly Indicators

Unexpected plan terminations, unusual premium
hikes

Highlights systemic policy or economic gaps

Feature selection is performed using Recursive Feature Elimination (RFE), LASSO regularization, and Principal Component Analysis
(PCA), ensuring computational efficiency and predictive strength (Sarkar, Rashid et al., 2025; Hinton, Salakhutdinov, & Wang, 2022).

3.3 Sentiment-Based Feature Engineering for Equity Risk Assessment

Textual analysis is employed on qualitative data sources such as:

e  Patient surveys a

nd complaint forms

e Provider and insurer communication logs
e  Enrollment support service transcripts
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These sources are analyzed using sentiment classification techniques to uncover barriers in language, emotion, or tone that might
indicate inequitable access or service dissatisfaction (Mishra et al., 2025). Fraudulent or inequitable coverage situations often exhibit
negative or deceptive sentiment patterns.

‘Sentiment CategoryHExampIe Text HEquity Risk Probability|
IPositive I”I was able to choose a plan that fit my budget and care needs.” HLow |
|Neutra| "The insurer confirmed my eligibility without further explanation.” ||Medium |
INegative I”No one explained my options; | couldn’t access coverage for my iIIness.”HHigh |
|Deceptive “They said | was enrolled, but | never received any plan documents.” ||Very High |

Incorporating NLP tools helps identify hidden linguistic signals of access inequality across population groups (Dey et al., 2025).
3.4 Support Vector Machine (SVM) for Fraud Classification

Support Vector Machine (SVM) is a robust classification algorithm widely used for detecting fraudulent insurance claims by
mapping high-dimensional data into distinct class regions. Its ability to handle complex nonlinear data while preventing overfitting
makes it ideal for healthcare fraud classification (Hinton, Salakhutdinov, & Wang, 2022). The SVM classifier works by:

1. Mapping input data (claims, sentiments, billing patterns) into a high-dimensional space.
2. ldentifying the optimal hyperplane to separate fraudulent and non-fraudulent claims.
3. Utilizing kernel functions (e.g., Linear, RBF, Polynomial) to improve classification accuracy.

The visualization below demonstrates how SVM distinguishes between fraudulent and legitimate claims using sentiment and billing
data:

Graph 1 - SVM Classification of Healthcare Claims

The SVM decision boundary (dashed line) separates fraudulent claims (red) from non-fraudulent ones (blue), revealing clear
clustering behavior influenced by sentiment features and billing anomalies. This supports previous research indicating that
textual deception and abnormal billing are powerful fraud indicators (Kou, Lu, & Huang, 2022).
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Graph 1 - SVM Classification of Healthcare Claims
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3.5 Artificial Neural Networks (ANN) in U.S. Healthcare Fraud Detection

Artificial Neural Networks (ANN) are particularly effective in fraud detection due to their capacity to process large volumes of
complex healthcare data. ANN models can detect non-linear patterns in claims and EHRs, uncovering fraud scenarios that rule-
based systems miss (Hinton, Salakhutdinov, & Wang, 2022).

How ANN Works in Healthcare Fraud Detection:

|ANN Component ||Function in U.S. Healthcare Fraud Detection

|Hidden Layers ||Learns complex fraud patterns through neural connections

‘Activation FunctionsHEnabIes non-linear decision boundaries using ReLU, Sigmoid, etc.

‘Output Layer HCIassifies claim as fraudulent or non-fraudulent

|
‘Input Layer HProcesses claim details (e.g., amount, provider ID, diagnosis codes)l
|
|
|
|

|Backpropagation ||Optimizes weights to improve fraud classification accuracy

Benefits of ANN in U.S. Healthcare Fraud Detection:

e  Processes massive Medicare & Medicaid datasets

e Detects fraud types like upcoding and duplicate billing

e Improves real-time fraud detection accuracy by 30-50% over traditional methods

e Used by leading insurers like UnitedHealth, Aetna, and Cigna for predictive risk modeling

3.6 Convolutional Neural Networks (CNN) for Text-Based Fraud Detection in the U.S.

Although traditionally used in image recognition, CNNs are now widely adopted for analyzing text in healthcare fraud contexts.
They efficiently process large volumes of unstructured data, such as provider notes, patient complaints, and claim justifications.

How CNN Works in Healthcare Text Fraud Detection:

Text Preprocessing: Tokenization, stop word removal, and vectorization using Word2Vec or BERT
Convolutional Layers: Identify fraud-related phrases (e.g., "unverified procedure,” “urgent reimbursement”)
Pooling Layers: Reduce dimensionality while preserving key fraud cues

Fully Connected Layers: Predict whether the claim is fraudulent or legitimate

Mwn =

Why CNN is Effective in U.S. Healthcare Fraud Detection:

e  Extracts deceptive language patterns
e Processes high-volume unstructured text from EHRs
e Enhances model sensitivity to fraud-related terminology (Kou, Lu, & Huang, 2022)

Graph 2 - Feature Importance in Fraud Detection
This chart illustrates that Total Claim Amount, Claims per Provider, and Rare Procedure Code Usage are the most influential
features. These findings reinforce the role of financial irregularities and provider behaviors as critical fraud indicators.
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Graph 2 - Feature Importance in Fraud Detection
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Graph 2 - Feature Importance in Fraud Detection

4. Results
4.1 Model Performance Summary

This study implemented and evaluated three supervised machine learning algorithms—Support Vector Machine (SVM), Artificial
Neural Network (ANN), and Convolutional Neural Network (CNN)—to identify underinsurance and fraud patterns from U.S.
healthcare claims.

The results show that:

e CNN achieved the highest accuracy (90%), followed by ANN (88%) and SVM (84%).

e CNN also recorded the highest F1-score (0.89), indicating superior balance between precision and recall.

e ANN performed robustly with an F1-score of 0.87 and recall of 0.85, making it a reliable option for balanced fraud and
insurance gap detection.

e SVM, although slightly less effective in recall (0.81), was faster and required fewer resources, making it suitable for small-
scale deployment.

These findings align with prior evidence supporting deep learning's superiority in handling non-linear, complex, and high-
dimensional healthcare data (Roy Puja et al., 2024; Hinton, Salakhutdinov, & Wang, 2022).
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Graph - Performance of ML Models in Insurance Gap Detection
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Graph 3 - Performance of ML Models in Insurance Gap Detection
SVM ANN CNN
Precision 0.86 0.89 0.91
Recall 0.81 0.85 0.87
F1-Score 0.83 0.87 0.89
Accuracy 0.84 0.88 0.90

Model Performance Comparison Table
4.2 SVM-Based Clustering of Fraudulent Claims

The SVM classifier was able to visualize clear boundaries between fraudulent and non-fraudulent insurance claims. It was most
effective when fed with sentiment-based features combined with structured claim data. As shown in Graph 1, fraudulent claims
clustered distinctly due to features like:

e Negative sentiment in textual justification
e Unusual billing patterns
e Multiple overlapping treatments

These findings are consistent with previous studies on fraud detection where behavioral and temporal anomalies were key
discriminators (Dey et al., 2025; Sarkar, Ayon et al.,, 2023).

4.3 ANN-Based Detection of Insurance Gaps
ANN provided high accuracy in identifying:

e  Patients with recurring service needs but intermittent insurance
e High-risk populations in rural or low-income ZIP codes
e Complex fraud patterns like upcoding and duplicate entries
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ANN's layered architecture allowed it to adapt to non-linear healthcare data and detect patterns overlooked by traditional
statistical models (Mishra et al., 2025). As a result, ANN reduced false negatives by 14%, enabling more proactive fraud prevention.

4.4 CNN-Driven Insights from Textual Data

CNNs were particularly effective in analyzing free-text data from EHRs, complaints, and claim justifications. The model extracted
semantic patterns such as:

nou

e “Unverified procedure”, "urgent need without documentation”, and “resubmitted with minor changes”
e Use of deceptive language, excessive modifiers, or emotionally charged terms

CNN achieved a 91% precision rate on unstructured data inputs, confirming the power of deep learning in understanding fraud-
prone linguistics (Kou, Lu, & Huang, 2022; Hinton et al., 2022).

5. Discussion
5.1 Integration of Structured and Unstructured Data

The success of hybrid models incorporating both structured data (e.g., billing, demographic, geographic) and unstructured data
(e.g., textual justifications) underlines the importance of multimodal learning frameworks. The combination improved model
robustness and significantly enhanced classification metrics (Roy Puja et al., 2024; Dey et al., 2025).

Moreover, inclusion of real-time behavioral features (e.g., late-night claims, urgent descriptions) allowed better generalization to
unseen fraud instances.

5.2 Equity-Driven Insights and Model Fairness
The study showed clear equity insights:

e Rural populations had higher risk of underinsurance due to low provider density and digital literacy gaps.
e Minority communities faced systemic exclusions evident in text sentiment and billing outcomes.

These outcomes support the implementation of fair ML models that incorporate social determinants of health (SDoH) to reduce
bias and enhance inclusion (Sarkar, Rashid et al., 2025).

Explainable Al (XAl) tools like SHAP were used to monitor fairness and ensure models did not propagate racial or income-based
discrimination.

5.3 Policy and Real-World Implications
The findings have actionable significance:

e Healthcare insurers (e.g., Aetna, Cigna) can embed CNN-ANN hybrid models into fraud detection pipelines for real-time
alerts.

e Government agencies can use predictive dashboards to target regions with high insurance dropout risks, potentially
deploying localized outreach efforts and subsidies (Sarkar et al., 2023).

e Public health officials may apply these tools to forecast gaps during Medicaid redetermination or ACA enrollment
periods.

Such Al-driven tools can reduce administrative burdens while increasing surveillance on unethical practices.
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5.4 Ethical and Regulatory Oversight
This research adhered to ethical principles:

e Patient data were de-identified in accordance with HIPAA.

e Model interpretability was ensured using LIME and SHAP (Mishra et al., 2025).

e  Bias detection mechanisms were integrated into every phase, reducing disparate impact on sensitive subgroups (R. Bhatia,
2024)

These practices align with the recent push for Explainable and Accountable Al in Healthcare (Sarkar, Rashid et al., 2025).
5.5 Challenges of Harnessing Machine Learning to Identify and Mitigate Insurance Gaps in the U.S. Healthcare System

Despite the promise of machine learning (ML) to revolutionize healthcare access and equity, its implementation in identifying and
mitigating insurance gaps in the U.S. system presents several technical, ethical, and operational challenges.

Data Fragmentation and Quality Issues

ML models require comprehensive, clean, and structured datasets to function effectively. However, data in the U.S. healthcare
system is highly fragmented across providers, payers, and federal programs (R. Bhatia, 2025). Variability in coding practices, missing
values, and inconsistent formatting in insurance claims or patient records reduce the reliability of Al predictions (Ahmed et al.,
2023). Additionally, unstructured data—like physician notes or sentiment-based patient complaints—demands advanced natural
language processing techniques, as highlighted by Roy Puja et al. (2024), which increases the computational complexity of model
training.

Algorithmic Bias and Inequity

One of the most pressing concerns is the potential for ML to perpetuate existing healthcare disparities. Models trained on
historically biased data may unintentionally reinforce unequal treatment of racial minorities, low-income groups, or rural
populations (Mishra et al., 2025). Bias in training data and algorithms can skew insurance eligibility predictions or fraud detection
toward already vulnerable populations (Sarkar, 2025; Mahmud et al., 2025). For example, lack of representation from underserved
communities may result in poorer model performance for those very populations most in need of coverage interventions (Novel
et al,, 2024).

Lack of Explain Ability and Trust

Many ML models, especially deep learning-based approaches, function as “"black boxes” that lack interpretability. In healthcare,
stakeholders demand transparency—particularly when decisions involve coverage eligibility or resource allocation. Without
explainable Al (XAl) frameworks, there’s a risk of eroding trust among clinicians, patients, and policy implementers (Sarkar, Rashid,
Hoque, & Mahmud, 2025). As observed in business intelligence domains like RFM-based segmentation and CLV forecasting,
interpretability remains key to adoption (Sarkar, Puja, & Chowdhury, 2024; Akter et al., 2025).

Ethical and Regulatory Compliance

ML systems in healthcare must comply with HIPAA and other privacy standards, requiring strong data anonymization and user
consent protocols. However, these regulatory constraints often limit access to high-quality, real-world datasets (Mishra et al., 2025).
Furthermore, ethical dilemmas arise in insurance contexts—such as using behavioral or demographic predictors—which may
unintentionally introduce socioeconomic or racial bias (Roy Puja et al., 2024; Sarkar et al., 2023).

Generalizability and Model Drift

ML models trained in one setting may not perform well in another due to variations in regional demographics, insurance policies,
and healthcare infrastructure (Dey et al.,, 2025). Over time, shifts in legislation or medical trends can cause “model drift,” making
earlier-trained models obsolete or inaccurate. This challenge is also noted in financial forecasting models in tourism and e-

Page | 112



JBMS 7(2): 104-115

commerce, where external variables rapidly change model dynamics (Mahmud, Hoque, Ali, Ferdausi, & Fatema, 2025; Mia et al,,
2023).

Integration with Policy and Workflow

Even the most accurate ML systems are of limited use if not integrated into real-time policy and administrative workflows.
Government agencies and insurance firms often lack the digital infrastructure or personnel trained in data science to deploy Al
solutions effectively (Sarkar et al, 2023). A disconnect between technological innovation and institutional readiness delays
implementation (Tayaba et al., 2023).

Cost and Resource Constraints

Developing and maintaining robust ML solutions requires significant investment in cloud computing, skilled data scientists, and
cybersecurity. For public-sector organizations, especially Medicaid providers or rural hospitals, these costs may be prohibitive
(Mahmud et al.,, 2024; Sarkar et al,, 2024). Financial limitations hinder large-scale implementation of Al-based outreach or fraud
detection programs.

Capturing Complex Human Factors

Insurance coverage decisions are influenced by cultural beliefs, language barriers, employment conditions, and mental health—
factors not easily quantified in structured data formats. ML models, even with advanced feature engineering, often struggle to
capture these subtleties (Novel, Sarkar, & Roy Puja, 2024). Efforts to integrate qualitative inputs—like sentiment from patient
feedback or social media—require further research and cross-disciplinary collaboration (Akter et al., 2025; Tayaba et al., 2023).

6. Conclusion

This study demonstrates the transformative potential of machine learning (ML) in addressing critical gaps in health insurance
coverage and detecting fraudulent claims within the U.S. healthcare system. By integrating structured data (e.g., billing records,
demographic variables) with unstructured data (e.g., claim justifications, patient sentiment), advanced models like Support Vector
Machines (SVM), Artificial Neural Networks (ANN), and Convolutional Neural Networks (CNN) were successfully deployed to detect
patterns of underinsurance and financial anomalies.

Among these, CNN outperformed other models, achieving the highest accuracy and F1-score by extracting complex fraud
indicators from textual data (Dey et al, 2025). ANN also demonstrated excellent performance in identifying systemic
underinsurance among vulnerable populations, particularly when dealing with temporal and behavioral features (Hinton,
Salakhutdinov, & Wang, 2022). Meanwhile, SVM proved efficient for initial classifications, especially when equipped with
sentiment-based features.

A key finding of this research is the importance of hybrid Al systems that combine socio-economic, geographic, and linguistic
inputs to enhance both equity and accuracy. The models not only improved fraud detection but also surfaced structural
inequities—such as disparities in coverage for rural residents and ethnic minorities—that can inform policy-level interventions (Roy
Puja et al., 2024; Sarkar, Rashid et al., 2025).

The study also reinforced the need for ethical Al frameworks. De-identification, explainable models (XAl), and fairness-aware ML
ensured that algorithmic outputs aligned with healthcare regulations and social responsibility (Mishra et al., 2025). These
safeguards are crucial when deploying predictive tools in public health domains, where lives and livelihoods are at stake.

In practical terms, the findings support Al-driven policy tools for public health agencies, insurers, and hospital systems aiming to
increase insurance coverage, reduce claim abuse, and allocate resources efficiently. For example, predictive dashboards based on
ANN or CNN models could proactively identify high-risk ZIP codes for outreach or subsidy deployment (Sarkar, Ayon et al., 2023).

Machine learning offers a scalable, data-driven solution to one of America's most persistent healthcare challenges. With ethical
deployment and continual refinement, these tools can drive measurable progress toward universal, equitable, and fraud-resistant
healthcare coverage in the United States.
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