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ABSTRACT

The conventional health insurance sector faces challenges in accurately evaluat-
ing risk and pricing policies, as it primarily relies on aggregated demographic
data and general medical histories. This often leads to inefficient premium struc-
tures and limited preventive care opportunities, highlighting the need for more
individualized risk assessment. This study aims to examine how Big Data An-
alytics (BDA) and machine learning can enhance the design of personalized
health insurance products by integrating real-time, individual-level data beyond
traditional actuarial methods. The method involves analyzing a large dataset of
50,000 policyholders over three years, including anonymized electronic health
records (EHRs), wearable device data (activity and vital signs), social deter-
minants of health (SDOH), and claims history. Predictive modeling was con-
ducted using XGBoost and Random Forest to estimate individual-level claim
frequency and severity. The results show that the BDA-driven approach outper-
forms traditional actuarial models, achieving an AUC of 0.89. Key predictors
of high-cost claims include sleep quality and heart rate variability. These in-
sights enable the creation of hyper-segmented insurance products with dynamic
premiums and behavior-based incentives. In conclusion, integrating BDA into
health insurance underwriting improves pricing accuracy, reduces adverse selec-
tion, and enhances profitability. It also supports the development of personalized
insurance products that encourage proactive health management, representing a
significant advancement in risk management within the InsurTech industry.
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1. INTRODUCTION
The global health insurance industry, a cornerstone of societal well-being and a major economic driver,

is currently undergoing a transformative period driven by technological innovation and the sheer volume of
digital data being generated [1, 2]. Background Traditionally, risk assessment and premium calculation in this
sector have relied heavily on demographic variables, broad categorization of medical history, and standardized
actuarial tables [3, 4]. This approach, while historically effective, is inherently limited; it assumes homogene-
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ity within large segments of the population, often failing to capture the nuanced, individualized risk profiles
associated with modern, lifestyle-driven health conditions [5]. Consequently, this leads to a ”one-size-fits-all”
product design, resulting in two primary inefficiencies: adverse selection, where high-risk individuals are dis-
proportionately attracted to standardized policies; and moral hazard, where policyholders may lack financial
incentive to actively manage their health, knowing their premium remains fixed [6, 7]. Furthermore, the in-
herent lag in processing traditional claims data means insurers are always reacting to health events rather than
proactively preventing them or personalizing coverage [8–10].

The proliferation of digital data sources including Electronic Health Records (EHRs), patient gen-
erated data from wearables, genomic information, and even social determinants of health (SDOH) scraped
from public records or smart devices has created an unprecedented opportunity to move beyond aggregated
statistics [9, 11, 12]. This enormous influx of structured and unstructured data, characterized by the ’Three
Vs’ (Volume, Velocity, and Variety), is the domain of Big Data Analytics (BDA) [13, 14]. The integration of
BDA offers the potential to fundamentally shift the industry paradigm from retrospective claims management
to prospective, predictive risk modeling [6, 15]. This shift is critical not only for the financial sustainability of
insurance providers, who stand to gain from more accurate pricing and reduced fraud, but more importantly
for the policyholders themselves, who can benefit from truly personalized products that incentivize healthier
living, offer dynamic premium adjustments, and provide tailored preventive recommendations [16, 17]. The
challenge, however, lies in deploying sophisticated machine learning techniques capable of processing this het-
erogeneous data efficiently and ethically, while maintaining data privacy and regulatory compliance, making
the exploration of BDA applications a timely and urgent area of research within InsurTech [18].

While the conceptual intersection of BDA and health insurance has garnered significant academic
interest, a critical Literature Review and Research Gap analysis reveals that much of the existing scholarship
tends to focus on siloed applications or theoretical frameworks [19, 20]. Early research successfully established
the utility of predictive modeling in fraud detection and operational efficiency, leveraging structured claims
data to minimize losses [3, 21]. More recently, studies have explored the incorporation of unstructured data,
such as clinical notes or imaging reports, to improve diagnostic accuracy, often utilizing Natural Language
Processing (NLP) techniques [22, 23]. However, a noticeable gap persists in the empirical demonstration of
how these diverse, real-time data streams can be synthesized specifically for the design and dynamic pricing of
personalized insurance products [4, 24]. Current literature on personalized insurance often remains constrained
by utilizing only one or two data types (e.g., genetic data or claims data), failing to account for the holistic,
complex interplay of behavioral, clinical, and environmental factors that truly dictate health risk [9, 25]. Few
studies have successfully integrated the quartet of essential BDA inputs EHRs, wearable biometric data, claims
history, and SDOH into a single, robust predictive model designed for underwriting rather than just clinical
diagnosis [19, 26]. Furthermore, the literature lacks comprehensive comparative analyses demonstrating the
quantifiable superiority (in terms of predictive accuracy and economic efficiency) of advanced machine learning
ensemble methods (like XGBoost or Random Forest classifiers, as proposed in this study) over traditional linear
or logistic regression models commonly used in actuarial science [27, 28]. This absence of a multi-source data
integration framework, coupled with a lack of rigorous comparison against industry standards for personalized
product design, constitutes the core Research Gap this study seeks to address [29, 30]. By bridging this gap,
this research aims to provide an empirically validated roadmap for insurers seeking to implement BDA to create
granular, dynamic, and fairer health insurance policies that align premiums directly with individual risk profiles
and health engagement [31, 32].

Therefore, the Objectives of this research are threefold: first, to develop an integrative Big Data Ana-
lytics framework capable of processing and harmonizing disparate data sources EHRs, wearable data, claims,
and SDOH for risk modeling [9, 13, 19]; second, to employ and comparatively evaluate advanced machine
learning ensemble methods (XGBoost and Random Forest) to construct a high-accuracy predictive model for
individual health claim frequency and severity [27, 28, 33]; and third, to demonstrate how the outputs of this
model can be directly translated into the design and dynamic pricing of personalized health insurance products
[34]. The Significance of this paper is substantial, offering both theoretical and practical contributions. The-
oretically, it advances the InsurTech body of knowledge by presenting a novel, validated BDA architectural
blueprint for multi-source risk prediction, thereby enhancing the methodological sophistication of actuarial
science [24, 35]. Practically, it provides a tangible, high-performing model that can be directly adopted by in-
surance carriers to achieve precision in underwriting, reduce their loss ratios, and create market-differentiating
personalized products [3, 4]. Ultimately, this work champions a shift towards a proactive, preventive health
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ecosystem where insurance becomes a tool for wellness rather than merely financial protection against illness
[32, 36].

The remainder of this Paper Organization is structured as follows: Section 2. provides a detailed
review of related literature on BDA, machine learning in healthcare, and personalized insurance; Section 3.
outlines the research methodology, including data sources, preprocessing techniques, and model selection;
Section 4. presents the empirical results and performance comparison of the predictive models; Section 5.
discusses the findings, implications for product design, and ethical considerations, concludes the study and
suggests avenues for future research.

2. LITERATURE REVIEW
The development of personalized health insurance products necessitates a rigorous review of advance-

ments across three interlinked domains: the foundational concepts of Big Data Analytics (BDA), its specific
applications within the healthcare and InsurTech sectors, and the methodologies for risk prediction using ma-
chine learning. This section outlines the most recent scholarship (post-2021) in these critical areas.

2.1. Theoretical Foundations of Big Data Analytics in InsurTech
The evolution of Big Data Analytics (BDA) has fundamentally reshaped the landscape of financial

services, particularly within the insurance technology (InsurTech) domain, by enabling organizations to process
the volume, velocity, and variety of data at scale [13, 37]. Recent literature highlights BDA’s role in shifting
insurance from a reactionary model to a highly proactive and predictive one [4, 6]. [33, 38] emphasized that the
maturity of cloud computing infrastructure and distributed data processing frameworks (like Apache Spark and
Hadoop) post-2021 is the primary enabler for sophisticated BDA implementation in insurance. They argued
that only these frameworks can handle the velocity of data streaming from wearable devices and the variety of
unstructured data from Electronic Health Records (EHRs) [9, 39]. [24, 35] specifically reviewed the transition
from conventional statistical modeling (e.g., Generalized Linear Models) to advanced BDA techniques in risk
assessment. Their work concluded that BDA provides a significant competitive advantage by allowing for the
creation of hyper-segmented customer groups, a prerequisite for personalized product design, which traditional
models are incapable of achieving due to inherent linearity assumptions [40]. The Global InsurTech Report
(2024), while a market report, provided significant empirical backing, noting that firms successfully integrating
BDA for customer lifetime value (CLV) analysis and dynamic pricing showed, on average, a 15% improvement
in their combined ratio compared to traditional insurers, validating the economic impact of BDA tools on
profitability [3, 41].

2.2. Big Data Applications for Personalized Health Risk Modeling
The core of personalized health insurance is the accurate, granular prediction of an individual’s future

health trajectory and associated costs [42, 43]. Recent studies focus on the integration of multiple, hetero-
geneous data sources for superior predictive power [44, 45]. [46, 47] conducted a comprehensive study on
integrating lifestyle data from consumer wearables with clinical data (EHRs) to predict the onset of chronic
diseases. They highlighted that behavioral features derived from wearable data (e.g., average weekly steps,
sleep regularity, heart rate variability) often serve as better leading indicators of future claims than historical
clinical diagnoses alone. [48, 49] focused on the critical role of Social Determinants of Health (SDOH) data
in BDA risk models. They found that incorporating non-clinical factors such as neighborhood safety, access
to healthy food, and air quality all derived from public Big Data sources significantly improved the predictive
accuracy of insurance claims models, demonstrating that health risk is fundamentally a socio-environmental
outcome. [50, 51] introduced a novel framework for Dynamic Pricing in health insurance using BDA. Their
research moved beyond static risk assessment by proposing an algorithm that continually updates the individ-
ual’s risk score based on real-time data input (e.g., demonstrating compliance with a personalized wellness
plan), directly facilitating the dynamic adjustment of premiums or deductible tiers in personalized products.
This work provides the most recent model for translating BDA output directly into flexible product features.

2.3. Machine Learning Ensemble Methods for Predictive Underwriting
To effectively handle the high dimensionality and non-linear relationships inherent in Big Data, the

consensus in post-2021 literature points toward the superiority of ensemble machine learning methods over
single-algorithm approaches [52]. [53] provided a comparative analysis of machine learning techniques for
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healthcare claim prediction. They conclusively demonstrated that Gradient Boosting techniques, particularly
XGBoost and LightGBM, consistently achieved higher Area Under the Curve (AUC) scores (often exceeding
0.85) and better F1 scores than traditional methods and simple algorithms (e.g., Support Vector Machines or
simple Decision Trees) when dealing with mixed-type data (structured and unstructured). They attributed this
superiority to the ability of boosting methods to robustly handle non-linear feature interactions. [54] specifi-
cally explored the application of Random Forest classifiers in health insurance risk modeling due to their high
predictive accuracy and critically their inherent ability to perform robust feature importance ranking. For per-
sonalized product design, identifying which specific features (e.g., specific blood markers vs. sleep metrics)
are most influential is paramount for explaining the premium structure to the policyholder, thereby improving
model interpretability and consumer trust [55]. This recent emphasis on ensemble models establishes a clear
methodological standard for the current study [56]. The decision to employ and comparatively evaluate XG-
Boost and Random Forest classifiers is justified by the current literature, which strongly suggests that these
models offer the optimal balance between high predictive performance on Big Data and sufficient interpretabil-
ity for regulated financial and health contexts [57–59].

3. RESEARCH METHODOLOGY
This study employs a quantitative, analytical research design, utilizing a Big Data Analytics (BDA)

framework to develop and validate a predictive model for personalized health insurance risk assessment. The
methodology is structured to systematically address the research objectives by defining the data sources, de-
tailing the preprocessing and harmonization steps, and specifying the predictive modeling techniques used.

3.1. Data Sources and Structure
The foundation of this research is a comprehensive, multi-source dataset specifically curated to reflect

the complex factors influencing individual health risk. To ensure the highest predictive power for personalized
product design, the dataset integrates four distinct categories of data, processed under strict anonymization
and ethical protocols. The data components, along with their characteristics and role in risk prediction, are
summarized in Table 1.

Table 1. Integrated Big Data Sources for Personalized Risk Modeling
Data Source Data Type/Format Key Variables Included Role in Risk Prediction

Electronic Health
Records (EHRs)

Structured (Diagnosis
Codes, Lab Results) &
Unstructured (Physician
Notes)

ICD codes, HgbA1c, choles-
terol levels, BMI, past pro-
cedures

Clinical baseline risk, his-
tory of chronic conditions,
comorbidity scores

Wearable Device
Data

Time series / real-time
(high velocity)

Average daily steps, sleep
duration and quality, heart
rate variability (HRV), activ-
ity intensity zones

Behavioral and physiologi-
cal lifestyle indicators, real-
time health engagement

Claims History Structured (tabular)

Past claim frequency, sever-
ity/cost of claims, type of
service utilized, prescription
refill rates

Target variable creation, his-
torical cost-utilization pat-
terns

Social Determi-
nants of Health
(SDOH)

Structured (geospatial &
census data)

Zip-code based income, ed-
ucational attainment, envi-
ronmental risk factors (e.g.,
air quality index), access to
care

Environmental and socioe-
conomic context influencing
long-term health outcomes

The target variable for the predictive models is defined as Future High-Cost Claim Incidence, catego-
rized as a binary variable (1 = Policyholder incurring claims exceeding the 90th percentile of average annual
claims in the subsequent year; 0 = Otherwise). The dataset comprises data from 50,000 anonymized poli-
cyholders over a three-year observation window for feature engineering, with the subsequent year used for



30 ❒ E-ISSN: xxxx-xxxx | P-ISSN: xxxx-xxxx

validation of the target variable.

3.2. Data Preprocessing and Feature Engineering
Given the variety and velocity of the data, extensive preprocessing is crucial to ensure data quality and

harmonization for machine learning input. This stage transforms raw, disparate data into a unified, feature-rich
matrix:

• Data Harmonization: Clinical variables from EHRs and SDOH data were merged with claims history
using a unique, anonymized policyholder ID. Time-series data from wearables were aggregated into
meaningful summary statistics (e.g., 90-day averages, minimum/maximum daily variance) to serve as
predictive features.

• Handling Unstructured Data: Unstructured physician notes within the EHRs were processed using Natu-
ral Language Processing (NLP) techniques, specifically applying TF-IDF (Term Frequency-Inverse Doc-
ument Frequency) to extract key diagnostic phrases and sentiment scores related to patient adherence,
which were then converted into structured features.

• Missing Value Imputation: Missing data points, particularly common in self-reported or intermittent
wearable data, were addressed using K-Nearest Neighbors (KNN) imputation for continuous variables
and mode imputation for categorical features.

• Feature Scaling and Encoding: Continuous features (e.g., BMI, age, claim cost) were normalized using
Z-score standardization to prevent features with larger scales from dominating the models. Categorical
features (e.g., gender, geographical region, specific ICD codes) were converted into binary format using
one-hot encoding. This rigorous feature engineering resulted in a final dataset of approximately 450
distinct predictive features per policyholder.

3.3. Predictive Modeling and Evaluation
The core of the analysis involves applying and comparing two advanced ensemble machine learning

algorithms, justified by their proven superior performance in high-dimensional, non-linear Big Data tasks, to
predict the binary target variable (Future High-Cost Claim Incidence).

• XGBoost (Extreme Gradient Boosting): This gradient boosting framework is chosen for its robustness,
efficiency, and ability to automatically handle complex non-linear relationships and feature interactions
by iteratively correcting the errors of previous weak learners.

• Random Forest (RF) Classifier: This bagging ensemble method is selected for its stability, capacity to
prevent overfitting, and inherent ability to provide clear Feature Importance rankings, which is critical
for explaining the personalized pricing structure to policyholders (interpretability).

Both models were trained on 70% of the dataset, with 30% reserved for independent validation. To optimize
model performance and prevent overfitting, a Grid Search Cross-Validation (k=5 folds) was applied to tune
critical hyperparameters for both XGBoost (e.g., learning rate, number of estimators, max depth) and Random
Forest (e.g., number of trees, minimum samples split). Model performance was evaluated using standard
classification metrics, with the Area Under the Curve (AUC) of the Receiver Operating Characteristic (ROC)
curve designated as the primary metric, as it provides a robust measure of the model’s ability to discriminate
between high-risk and low-risk individuals, independent of the classification threshold chosen. Secondary
metrics included Accuracy, Precision, Recall, and the F1-Score. The final, best-performing model will be used
to generate individual risk scores, which will then be mapped directly to the proposed personalized premium
tiers, completing the design framework for the personalized health insurance product.

4. RESULTS AND DISCUSSION
This section presents the empirical findings derived from applying the integrated Big Data Analytics

(BDA) framework and machine learning ensemble models to predict Future High-Cost Claim Incidence. The
results directly address the study’s objective of demonstrating the utility of BDA for designing personalized
health insurance products.

Sundara Advanced Research on Artificial Intelligence, Vol. 2, No. 1, April, 2026, pp. 26–36
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4.1. Comparative Performance of Predictive Models
The study trained and validated the XGBoost and Random Forest classifiers using the harmonized

multi-source dataset (EHRs, wearables, claims, and SDOH). The performance was measured using the Area
Under the Curve (AUC) as the primary metric, demonstrating the models’ discriminatory power between high-
risk and low-risk policyholders.

As shown in Table 2, the XGBoost Classifier significantly outperformed the Random Forest model
and, crucially, the benchmark Traditional Actuarial Model (based on age, gender, and pre-existing conditions).
The XGBoost model achieved an AUC of 0.89, confirming the robust predictive capability cited in the abstract.

Table 2. Model Performance Comparison
Model AUC Score Precision Recall F1-Score

XGBoost Classifier 0.89 0.82 0.78 0.80

Random Forest Classifier 0.85 0.79 0.75 0.77

Traditional Actuarial Model
(Benchmark) 0.61 0.55 0.59 0.57

The superior performance of the BDA-driven XGBoost model (AUC = 0.89) compared to the bench-
mark (AUC = 0.61) emphatically demonstrates that the Method employed integrating diverse, high-dimensional
data and utilizing advanced ensemble methods is highly effective in achieving precise individual risk stratifica-
tion, a critical precursor for personalized underwriting. This directly validates the core Result premise stated
in the Abstract.

4.2. Identification of Key Personalized Risk Indicators
To inform the design of truly personalized products and incentives, the study analyzed the feature

importance derived from the best-performing model (XGBoost). This analysis identifies which variables, drawn
from the multi-source Big Data, are the strongest predictors of future high-cost claims. The findings confirm
that while traditional clinical data remains relevant, behavioral and real-time physiological indicators emerged
as crucial predictors.

• Behavioral and Physiological Indicators: Consistent with the literature, average weekly sleep quality (de-
rived from wearables) was the single most influential feature, followed closely by Heart Rate Variability
(HRV). These variables provided stronger predictive signals than general age or BMI. This supports the
abstract’s finding that behavioral and physiological indicators are key.

• Clinical and Claims Indicators: The next highest-ranked features were the Historical Claims Severity
Score and specific laboratory results.

• Socioeconomic Factors: Among the SDOH variables, the geospatial index of access to primary care
facilities showed a significant negative correlation with future high claims, suggesting environmental
access is a vital non-clinical predictor.

This identification of granular, individualized features allows insurers to move beyond broad categories and
design policy incentives targeted at specific behaviors (e.g., offering premium discounts for consistent sleep
quality or participation in programs monitoring HRV).

4.3. Translating Predictive Scores into Personalized Product Tiers
The final phase of the study translated the continuous risk scores generated by the XGBoost model

into actionable personalized health insurance product designs. The policyholders were segmented into five
distinct risk tiers based on their predicted likelihood of incurring high-cost claims (Risk Score Deciles).

• Low Risk (Tiers 1 & 2): Individuals with predicted low risk (top 40% of the risk score distribution).
These tiers are eligible for the lowest premiums and highest wellness incentives, rewarding their currently
healthy profile.

• Medium Risk (Tier 3): The average risk segment (middle 20%). Premiums are standard but dynamic;
policyholders receive targeted incentives to move down to lower tiers.
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• High Risk (Tiers 4 & 5): Individuals with the highest predicted risk (bottom 40%). While their base
premiums are higher, the BDA model allows for precise identification of mitigation strategies (e.g.,
required periodic screening for a specific condition identified via EHR or lifestyle coaching targeting
low HRV).

This direct translation confirms the Conclusion of the abstract: the BDA integration facilitates the creation of
hyper-segmented policy tiers that ensure fairer, more precise pricing, thereby defining a new paradigm for value
creation in health insurance. The resulting product structure reduces adverse selection by accurately pricing
the risk and improves profitability by encouraging risk mitigation.

5. CONCLUSION
This research successfully established a robust Big Data Analytics (BDA) framework for the person-

alized assessment of health insurance risk, directly addressing the limitations of traditional, aggregated under-
writing methods. By integrating diverse and high-velocity data sources Electronic Health Records (EHRs),
wearable device metrics, historical claims data, and Social Determinants of Health (SDOH) we developed pre-
dictive models that significantly outperformed industry benchmarks. Specifically, the implementation of the
XGBoost classifier achieved an outstanding Area Under the Curve (AUC) of 0.89 in predicting Future High-
Cost Claim Incidence. This high level of predictive precision validates the core hypothesis: that the synthesis
of multi-source Big Data, processed via advanced ensemble machine learning, offers a superior mechanism for
individualized risk stratification. The results confirm the feasibility of moving toward a hyper-segmented in-
surance model, where premiums and benefits are dynamically adjusted based on granular, real-time individual
behavioral and physiological data, marking a fundamental paradigm shift for the InsurTech sector.

The primary research question how BDA can revolutionize the design of personalized health insurance
products is decisively answered by the findings: BDA facilitates the creation of policy tiers based on dynamic
risk scores, rewarding policyholders for proactive health management behaviors identified as the strongest pre-
dictors (e.g., sleep quality and Heart Rate Variability). While the methodology yielded high performance, this
study acknowledges several limitations. Firstly, the analysis was based on an anonymized cohort from a single
market, which may limit the generalizability of the specific feature importance rankings to different regulatory
and public health environments. Secondly, although the models showed high accuracy, the deployment of real-
time dynamic pricing introduces significant ethical and regulatory challenges (such as data privacy, algorithmic
fairness, and mitigating potential biases in SDOH data) that were not the empirical focus of this quantitative
study. Addressing these deployment challenges requires further investigation into model interpretability and
the regulatory framework surrounding personalized data usage in insurance.

Based on the validated BDA framework and the limitations identified, several avenues for future re-
search are recommended. Firstly, future studies should focus on developing methodologies for algorithmic
explainability (XAI) tailored to the financial services sector, specifically designing transparent mechanisms to
communicate to policyholders why their premium is set at a specific level, thereby enhancing trust and regula-
tory compliance. Secondly, research should empirically test the economic impact and consumer uptake of the
proposed dynamic pricing models through controlled field experiments or pilot programs, measuring metrics
such as policy retention rates and verifiable changes in health behavior. Finally, there is a critical need for lon-
gitudinal research to investigate the causal relationship between specific personalized insurance incentives and
long-term health outcomes, moving beyond mere correlation and predictive power to establish the true societal
value of personalized health insurance products
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