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ABSTRACT: Health insurance risk assessment is an essential component of insurance management, enabling insurers 

to estimate healthcare expenditure, evaluate policyholder risk, and improve financial planning. Conventional 

approaches often rely on statistical techniques and actuarial rules that may not capture complex relationships among 

demographic characteristics, medical conditions, lifestyle factors, and healthcare utilization. This paper proposes a 

machine learning-based framework integrating predictive analytics and risk classification. Candidate features include 

age, body mass index (BMI), smoking status, geographical region, family size, medical history, and historical claims, 

subject to data availability and lawful use. Preprocessing includes missing-value treatment, categorical encoding, 

outlier assessment, feature selection, and normalization where appropriate. Linear Regression, Random Forest, 

Gradient Boosting, and XGBoost are considered for expenditure prediction; classification algorithms can assign 

predefined risk categories. Regression performance is assessed using MAE, RMSE, and R², while classification is 

evaluated using precision, recall, F1-score, and ROC-AUC. SHAP-based explanations and fairness checks are proposed 

to support interpretation. No dataset or measured model outputs were supplied, so this document presents a 

reproducible methodology and result templates rather than numerical performance claims. External validation, privacy 

protection, fairness, and human oversight are required before practical use. 

 

KEYWORDS: Health Insurance; Risk Assessment; Machine Learning; Predictive Analytics; Insurance Cost 

Prediction; Random Forest; Gradient Boosting; XGBoost; Explainable Artificial Intelligence. 

 

I. INTRODUCTION 

 

Health insurance protects individuals and families against the financial consequences of medical treatment, 

hospitalization, diagnostics, and long-term healthcare. Rising healthcare costs, changes in population demographics, 

and variation in claims create a need for reliable risk assessment. Insurers estimate potential claims, plan reserves, and 

evaluate portfolio-level exposure. Traditional actuarial approaches remain important but may have difficulty 

representing nonlinear relationships and interactions among policyholder characteristics. 

 

Machine learning can identify patterns in historical insurance data. Supervised algorithms estimate continuous 

outcomes such as annual expenditure and classify records according to a defined risk target. Random Forest, Gradient 

Boosting, and XGBoost can represent nonlinear relationships, but their performance depends on data quality, 

representativeness, and validation design. This research proposes a framework integrating expenditure prediction, risk 

classification, and model interpretation. The objectives are to identify relevant features, compare candidate algorithms, 

evaluate task-specific performance, and examine interpretability and fairness. The model is intended to support—not 

independently determine—insurance decisions and requires independent validation before deployment. 

 

II. LITERATURE SURVEY 

 

Research on medical insurance cost prediction has compared regression methods and machine learning algorithms. 

Hassan et al. (2021) investigated computational intelligence approaches to predicting medical insurance cost. Orji and 

Ukwandu (2024) studied explainable machine learning for medical insurance cost prediction, including tree-based 
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ensembles and SHAP-based interpretation. These studies motivate the comparison of predictive accuracy and 

interpretability rather than reliance on a single model. 

 

Related work on explainable anomaly detection in healthcare insurance applies unsupervised methods to identify 

unusual utilization patterns. Anomaly detection can support investigation but is distinct from predicting an individual's 

future claims and does not independently establish fraud. Research on fair and explainable underwriting also 

emphasizes subgroup evaluation, robustness, and transparency. 

 

Research gaps include limited representativeness of some public datasets, skewed claims distributions, uncertain 

generalization to future periods, arbitrary risk thresholds, and insufficient evaluation of fairness. Explainability alone 

does not prove causal validity or fairness. The proposed framework therefore combines model comparison, separate 

regression and classification tasks, feature explanation, and validation safeguards. 

 

2.1 Research Gap 

• Limited integration of cost prediction and documented risk classification. 

• Need to evaluate high-cost claims and skewed expenditure distributions. 

• Need for explainability, subgroup fairness evaluation, and transparent feature selection. 

• Need for temporal or external validation to test generalizability. 

 

2.2 Proposed Contribution 

The framework first predicts expected expenditure and then either maps predictions to justified risk bands or trains a 

separate classifier against a documented outcome. Explainability and fairness checks support model evaluation. 

 

III. METHODOLOGY 

 

3.1 Proposed System Architecture 

 
 

Figure.1.Proposed machine learning architecture for health insurance risk assessment 
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3.2 Experimental Workflow 

 

 
 

Figure.2. Reproducible workflow for dataset preparation, training, testing, and interpretation 

 

3.3 Dataset Description 

An initial experiment may use a publicly available medical insurance charges dataset; a representative insurer dataset is 

preferable for evaluating actual claims risk. Report the source, sample size, collection period, population, missingness, 

inclusion criteria, and target definition. A simplified dataset cannot establish performance across real-world insurance 

portfolios. 

 

Table.1. Dataset Description 

 

Variable Type Purpose 
Example / 

Reading Value 

Age Numerical Demographic predictor 35 years 

BMI Numerical Health-related predictor 27.5 kg/m² 

Smoking status Categorical 

Lifestyle predictor; 

requires policy and 

fairness review 

Smoker / Non-

smoker 

Dependents Numerical Household characteristic 2 

Region Categorical 
Geographical 

characteristic 

Urban / Rural or a 

defined region 

Medical history Structured/Categorical 

Medical risk information, 

if available and lawfully 

usable 

Diabetes: Yes / 

No 

Previous claims Numerical 
Historical healthcare 

utilization 
₹25,000 per year 

Annual claims cost Numerical Regression target ₹50,000 per year 

Defined risk class Categorical Classification target 
Low / Medium / 

High 
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3.4 Data Preprocessing 

• Data cleaning: identify duplicates, inconsistent categories, invalid values, and missing observations. 

• Missing-value treatment: use justified numerical and categorical imputation, fitting transformations on training 

data only. 

• Categorical encoding: one-hot encode nominal variables such as region. 

• Feature scaling: standardize inputs for scale-sensitive algorithms; tree-based models usually do not require scaling. 

• Outlier assessment: investigate extreme claims rather than automatically removing valid high-cost cases. 

• Leakage prevention: exclude variables unavailable at prediction time and fit preprocessing steps only on training 

data. 

 

3.5 Dataset Split and Validation 

A possible split is 70% training, 15% validation, and 15% testing. Use training data to fit models, validation data to 

tune models and thresholds, and the held-out test set once for final evaluation. For longitudinal claims, use 

chronological validation; where records repeat by policyholder, use group-based splitting. 

 

3.6 Machine Learning Algorithms 

3.6.1 Linear Regression 

Linear Regression provides an interpretable baseline for expenditure prediction: 

ŷ = β₀ + Σᵢ₌₁ⁿ βᵢxᵢ 
Here, ŷ is predicted expenditure, xᵢ is an input feature, and βᵢ is its coefficient. 

 

3.6.2 Random Forest 

Random Forest averages predictions from multiple decision trees trained with bootstrap samples and randomized 

feature selection: 

ŷ = (1/T) Σₜ₌₁ᵀ fₜ(x) 
Here, T is the number of trees and fₜ(x) is the prediction from tree t. 
 

3.6.3 Gradient Boosting and XGBoost 

Gradient Boosting builds trees sequentially to reduce errors in the current ensemble. XGBoost is an optimized gradient-

boosting implementation with regularization and efficient tree construction. Their performance depends on 

hyperparameters and should be evaluated empirically. 

 

3.6.4 Classification Models 

Logistic Regression, Random Forest Classifier, and Gradient Boosting Classifier may be used when a reliable 

classification target exists. Risk labels must follow documented thresholds or independently defined outcomes. Avoid 

defining labels using information that would not be available at prediction time. 

 

3.7 Performance Metrics 

For regression, use Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and coefficient of determination 

(R²): 

MAE = (1/N) Σᵢ₌₁ᴺ |yᵢ − ŷᵢ| 
RMSE = √[(1/N) Σᵢ₌₁ᴺ (yᵢ − ŷᵢ)²] 
R² = 1 − [Σᵢ(yᵢ − ŷᵢ)² / Σᵢ(yᵢ − ȳ)²] 
Lower MAE and RMSE generally indicate smaller errors; higher R² indicates more variance explained but is not 

sufficient alone. For classification, report precision, recall, F1-score, ROC-AUC, and a confusion matrix, including 

class-specific results when high-risk cases are uncommon. 

 

3.8 Explainability and Fairness 

SHAP can summarize feature contributions to individual predictions and global model behavior. Partial dependence or 

Individual Conditional Expectation plots may help explore selected relationships. Evaluate subgroup errors, calibration, 

and classification outcomes where lawful and appropriate. Explanations describe model behavior and do not prove 

causation or fairness. 
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IV. RESULTS & DISCUSSION 

 

No dataset or measured model outputs were provided. The following figures and tables are explicitly templates and 

must be populated with results from a real experiment; they are not measured findings. 

 

4.1 Regression Performance Comparison 

 

Table.2. Result-reporting template for regression metrics; populate after evaluation. 

 

Model MAE RMSE R² Role 

Linear Regression 4,850 6,920 0.78 Baseline 

Random Forest 3,250 4,850 0.88 Ensemble 

Gradient Boosting 2,950 4,420 0.91 Boosting 

XGBoost 2,680 4,050 0.93 Boosting 

 

Select models using validation results and reserve the test set for final assessment. MAE and RMSE offer 

complementary views because RMSE is more sensitive to large errors. If the target is transformed, explain the 

transformation and report errors on the original monetary scale where appropriate. 

 

4.2 Risk Classification Results 

 

Table.3.confusion-matrix template for low-, medium-, and high-risk classes 

 

Actual 

Risk 

Class 

Predicted 

Low 

Predicted 

Medium 

Predicted 

High 

Actual 

Low 
90 8 2 

Actual 

Medium 
7 85 8 

Actual 

High 
2 10 88 

 

Populate the confusion matrix with held-out test counts. Recall measures the proportion of actual cases in a class that 

are identified, while precision measures the proportion of predicted cases in that class that are correct. Thresholds 

should reflect the intended use and the costs of false positives and false negatives. 
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4.3 Explainability 

 

 
 

Figure 3. Conceptual placeholder for a future SHAP analysis; not measured feature importance. 

 

Potential predictors may include age, BMI, previous claims, medical history, and utilization, depending on the dataset. 

Generate the actual SHAP summary plot from the fitted model and evaluation data. Do not infer causality from feature 

importance. 

 

4.4 Discussion 

The framework provides a consistent basis for comparing conventional regression and ensemble algorithms. A more 

complex algorithm is not automatically better and should demonstrate reliable independent-test performance, including 

for high-cost claims. 

 

Insurance expenditure may be skewed, so report multiple metrics and inspect errors across cost ranges. Model 

calibration, uncertainty, temporal stability, and subgroup performance are also important. 

Expenditure prediction and risk classification are distinct tasks. Risk thresholds require documented justification. 

Practical deployment requires independent validation, monitoring for data drift, privacy protection, and human 

oversight. 

 

V. CONCLUSION 

 

This paper presents a proposed machine learning framework for health insurance risk assessment, combining 

expenditure prediction, risk classification, and model interpretation. Linear Regression, Random Forest, Gradient 

Boosting, and XGBoost are candidate regression methods, while Logistic Regression and ensemble classifiers may 

support classification where a reliable target exists. MAE, RMSE, R², precision, recall, F1-score, ROC-AUC, SHAP, 

and fairness checks provide a structured evaluation plan. 

 

The effectiveness of the framework must be established experimentally using representative data; no model can be 

declared superior before evaluation. Future work should examine multi-institutional datasets, temporal validation, 

uncertainty estimation, claims severity, subgroup fairness, and operational impact. The framework supports transparent 

analysis when outputs are used responsibly and in line with applicable privacy, fairness, and insurance requirements. 
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