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Abstract—Health insurance policies provide financial 

support to individuals by covering medical expenses and 

reducing the financial burden associated with diseases, injuries, 

and healthcare treatments. Several demographic and health-

related factors influence the cost of health insurance, making 

accurate cost prediction an important task for insurance 

providers and policyholders. Early prediction of health 

insurance expenses can assist in determining suitable coverage 

plans and improving financial decision-making. In this study, a 

supervised machine learning-based approach is proposed for 

Health Insurance Cost Prediction using the Medical Insurance 

Cost Dataset. Data preprocessing techniques, including missing 

value handling, duplicate removal, outlier detection, one-hot 

encoding, and feature standardization, were applied to enhance 

data quality and model performance. Four machine learning 

algorithms, namely Random Forest (RF), AdaBoost, 

LightGBM, and Extreme Gradient Boosting (XGBoost), were 

implemented and compared. Experimental results reveal that 

the proposed XGBoost model achieved superior performance 

with an R-Square (R²) value of 99% and a Mean Absolute Error 

(MAE) of 721.05, outperforming the other models. The findings 

demonstrate the effectiveness of XGBoost in capturing complex 

relationships among insurance-related factors and generating 

highly accurate cost predictions. Therefore, the proposed model 

can serve as a reliable decision-support tool for health insurance 

pricing, risk assessment, and healthcare financial planning. 

Keywords—Health Insurance Premiums, Predictive 

Modelling, Machine Learning Algorithms, Statistical Methods, 

Healthcare Cost Prediction, Medicare Costs, Cost Control 

Mechanisms. 

I. INTRODUCTION 

Healthcare plays a vital role in improving the quality of 
life and ensuring the well-being of individuals. However, the 
rising cost of medical treatments, pharmaceutical services, and 
healthcare facilities has increased the financial burden on 
patients and insurance providers [1][2][3]. The insurance 
sector therefore serves as an essential mechanism for reducing 
financial risks associated with medical expenses by providing 
financial protection and access to quality medical services 
[4][5]. Accurate estimation of insurance premiums is crucial 

for both insurers and policyholders, as it supports fair pricing, 
effective risk assessment, and informed financial planning. 
However, determining medical insurance costs is a 
challenging task because they are influenced by numerous 
factors, including demographic characteristics, lifestyle 
habits, medical conditions, and coverage-related attributes [6]. 

Modern medical systems involve complex interactions 
among patients, healthcare providers, pharmaceutical 
organizations, and insurance companies [7][8][9]. Rising 
medical expenditures and increasing demand for quality care 
have highlighted the need for reliable cost estimation methods 
[10]. Accurate prediction of insurance expenses can help 
organizations optimize premium structures, allocate resources 
efficiently, and improve long-term financial sustainability 
[11]. At the same time, individuals can benefit from better 
awareness of the factors influencing their insurance costs and 
future expenditures [12]. 

Traditional actuarial approaches often rely on predefined 
statistical assumptions and limited variables, which may not 
adequately capture the complex relationships among multiple 
risk factors [13][14]. As a result, prediction accuracy may be 
reduced when dealing with large and diverse datasets. 
Predictive analytics offers a data-driven solution by 
identifying hidden patterns and relationships within historical 
records, enabling more precise estimation of insurance costs 
and supporting evidence-based decision-making [15][16]. 

Recent advances in Machine Learning (ML) and Deep 
Learning (DL) have significantly transformed predictive 
analytics by enabling intelligent data-driven decision-making. 
These techniques can automatically learn complex patterns 
from large datasets, capture nonlinear relationships among 
variables, and generate highly accurate predictions [17][18]. 
ML and DL models have been widely adopted in insurance 
analytics for risk assessment, premium estimation, fraud 
detection, and customer profiling [19]. Furthermore, their 
ability to continuously improve with new data makes them 
highly suitable for dynamic and evolving insurance 
environments. Consequently, these technologies provide a 
reliable foundation for developing advanced insurance cost 
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prediction systems with improved accuracy and efficiency 
[20][21]. 

A. Motivation and Contribution 

The increasing cost of healthcare services, medical 
treatments, and pharmaceutical expenses has created a 
significant financial burden on individuals and insurance 
providers. Accurate prediction of health insurance costs is 
essential for effective premium estimation, risk assessment, 
and financial planning. However, the complex relationships 
among demographic, lifestyle, and health-related factors make 
cost estimation a challenging task. This motivates the use of 
advanced machine learning techniques to develop reliable 
prediction models that can improve estimation accuracy and 
support better decision-making in the healthcare insurance 
sector. This research offers several key contributions as listed 
below: 

• Developed a machine learning-based framework for 
Health Insurance Cost Modeling in Pharmaceutical 
Healthcare using the Medical Insurance Cost Dataset. 

• Conducted exploratory data analysis and feature 
importance analysis to identify the key factors 
influencing health insurance costs, such as age, BMI, 
and smoking status. 

• Implemented and compared multiple machine learning 
models, including Random Forest (RF), AdaBoost, 
LightGBM, and XGBoost, for insurance cost 
prediction. 

• Proposed an XGBoost-based prediction model that 
achieved superior performance and provided highly 
accurate health insurance cost predictions compared to 
other machine learning models. 

• Demonstrated the effectiveness of machine learning 
techniques in accurately estimating healthcare 
insurance expenses and supporting pharmaceutical 
healthcare financial planning. 

• Provided a reliable decision-support approach that can 
assist insurance providers in premium estimation, risk 
assessment, and cost management. 

Accurate health insurance cost prediction is essential for 
effective healthcare financial planning, premium estimation, 
and risk assessment in the pharmaceutical healthcare sector. 
This study is justified by the need to address the limitations of 
traditional estimation methods in capturing complex 
relationships among demographic and health-related factors. 
The novelty of the proposed work is the creation of an 
XGBoost-based prediction framework that includes all 
necessary steps: data preprocessing, feature importance 
analysis and comparison of various machine learning models. 
By identifying the most influential factors affecting insurance 
costs and providing highly accurate predictions, the proposed 
approach offers a reliable and interpretable decision-support 
tool for health insurance cost modeling. 

B. Organization of the Paper 

The rest of the paper is structured as follows: The concept 
of medical insurance and related works are discussed 
in Section II. Section III describes the methodology and 
approaches taken. Section IV contains the experimental 
outcomes and the results of the determinant analysis. 
Finally, Section V summarizes the findings and provides 
recommendations for future work.  

II. LITERATURE REVIEW  

A comprehensive review of recent studies on Health 
Insurance Cost Prediction was conducted to support the 
development of this research. Table I summarizes the 
proposed models, datasets used, key findings, and limitations 
identified in previous studies, providing valuable insights for 
the proposed approach.  

Mishra et al. (2026) The study uses five machine learning 
models: Linear Regression, Decision Tree, K-Nearest 
Neighbors (KNN), Random Forest, and XGBoost, on data 
from 1,338 individuals including age, BMI, smoking habits, 
location, and air and water quality. Linear Regression 
achieved an R² score of 0.7296, while Random Forest 
performed best with an R² score of 0.9654. The results show 
that smoking status and BMI are major factors affecting 
insurance costs, demonstrating that ML can improve the 
accuracy and fairness of insurance premium prediction.[22]. 

Mohan et al. (2025) estimate health insurance claim costs 
using machine learning based on health risk factors such as 
age, sex, BMI, smoking status, and city. A Kaggle health 
insurance dataset is used, involving data preprocessing, 
feature engineering, and model selection, with performance 
evaluated using R² and Mean Absolute Error. Among all 
models, Random Forest achieved the highest accuracy of 
96.7%, highlighting the potential of machine learning to 
improve insurance cost forecasting, pricing strategies, and 
financial management [23]. 

R and Arunraj (2025) proposes a metaheuristic 
optimization algorithm for feature selection and 
hyperparameter tuning, and compares its performance with 
Genetic Algorithm (GA), Particle Swarm Optimization 
(PSO), and Bayesian Optimization. Models were evaluated 
using MAE, MSE, RMSE, and R² score. The proposed 
algorithm, when applied to Random Forest and Gradient 
Boosting, achieved the best performance with an R² score of 
92.5% and an RMSE of 2510.23, improving accuracy by 
4.3%. The results show that ensemble-based models 
outperform regression models in insurance cost prediction, 
with smoking status and BMI identified as key predictors. The 
study highlights the effectiveness of metaheuristic 
optimization and suggests combining it with deep learning for 
further improvements [24]. 

Sharma and Jeya (2024) examines a variety of factors such 
as age, sex, BMI, smoking and number of children plus to 
predict health insurance costs. What makes it unique is the use 
of linear regression to unpack the strong relationship between 
these factors and insurance costs. carefully partitioned data 
set, with 70% for training, and achieved an impressive 81.3% 
accuracy. This ethically driven study enhances understanding 
of the complexities of post-COVID-19 health insurance 
spending. The use of linear regression stands out as a powerful 
rational forecasting tool, and represents a remarkable 
advancement in healthcare cost forecasting. The importance 
of the research is to provide insight into the changing 
landscape of post-pandemic health insurance costs, increase 
knowledge, and contribute to decision-making in health care 
policy [25]. 

Vuddanti et al. (2024) introduce the experienced numerous 
health problems during the COVID-19 pandemic. The 
creation and assessment of predictive models for the purpose 
of calculating medical costs are the subjects of investigation. 
This study has utilized the 4968-row USA medical insurance 
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dataset from Kaggle. The dataset's features allow a summary 
of an individual's personal and medical circumstances. 
Regression analysis and gradient boosting are the two 
machine learning methods utilized to build predictive models. 
The analysis reflected the link between features and costs. 
After training the model, a 94% accuracy rate has been 
obtained [26]. 

T et al. (2023) public awareness about health insurance 
and promote fair pricing by considering factors such as 
people's attitudes, decision-making processes, and demand- 
and supply-side perceptions. The effectiveness of three 
regression models—Linear Regression, Support Vector 
Regression, and Random Forest Regressor—was evaluated 
using a training dataset. The predicted and actual values were 
compared to validate the models. Among all methods, 

Random Forest Regressor achieved the highest accuracy of 
87% with lower computation time, making it the most suitable 
approach [27]. 

Panda et al. (2022) explores predictive modeling to 
enhance insurance business operations and services using 
machine learning (ML). A real-time insurance cost prediction 
system, ML Health Insurance Prediction System (MLHIPS), 
is developed to help insurance companies rapidly estimate 
premiums and reduce health expenditure. The system employs 
Ridge Regression, Lasso Regression, Simple Linear 
Regression, Multiple Linear Regression, and Polynomial 
Regression models. Among these, Polynomial Regression 
achieved the best performance with an RMSE of 5100.53 and 
an R² value of 0.80 [28]. 

TABLE I.  RECENT STUDIES ON HEALTH INSURANCE COST PREDICTION USING MACHINE LEARNING TECHNQIUES 

Author Proposed Work Dataset  Results Limitations & Future Work 

Mishra et 

al. (2026) 

Compared Linear Regression, 

Decision Tree, KNN, Random 
Forest, and XGBoost for 

health insurance cost 

prediction. 

Medical Insurance Dataset 

(1,338 records) containing 
age, BMI, smoking status, 

location, and environmental 

factors. 

Random Forest achieved the 

highest R² = 0.9654, 
outperforming other models. 

Smoking status and BMI were 

identified as key predictors. 

Limited dataset size may affect 

generalization. Future work can 
explore larger datasets and 

advanced ensemble techniques. 

Mohan et 

al. (2025) 

Developed a machine learning 

framework for predicting 

health insurance claim costs 
using demographic and 

health-related attributes. 

Kaggle Health Insurance 

Dataset. 

Random Forest delivered the best 

performance with 96.7% 

accuracy. 

Study focused on traditional ML 

models; future research may 

incorporate deep learning and 
additional health indicators. 

R and 

Arunraj 
(2025) 

Proposed a metaheuristic 

optimization algorithm for 
feature selection and 

hyperparameter tuning in 

insurance cost prediction. 

Health Insurance Cost 

Dataset. 

Optimized Random Forest and 

Gradient Boosting achieved R² = 
92.5% and RMSE = 2510.23. 

Computational complexity of 

optimization methods is high. 
Future work can integrate deep 

learning with metaheuristic 

optimization. 

Sharma and 

Jeya (2024) 

Applied Linear Regression to 

analyze the relationship 

between demographic factors 
and insurance costs. 

Health Insurance Dataset 

with age, sex, BMI, smoking 

status, and number of 
children. 

Achieved 81.3% prediction 

accuracy using a 70:30 train-test 

split. 

Linear Regression may not capture 

complex nonlinear relationships. 

Future studies can employ advanced 
ensemble models. 

Vuddanti et 

al. (2024) 

Developed predictive models 

using Regression Analysis and 

Gradient Boosting for medical 
cost estimation. 

USA Medical Insurance 

Dataset (4,968 records) from 

Kaggle. 

Obtained 94% prediction 

accuracy. 

Limited evaluation of advanced 

optimization methods. Future work 

can investigate hybrid machine 
learning approaches. 

T et al. 

(2023) 

Evaluated Linear Regression, 

Support Vector Regression, 
and Random Forest Regressor 

for insurance price prediction. 

Health Insurance Dataset. Random Forest achieved the 

highest accuracy of 87% with 
lower computational time. 

Limited feature diversity and model 

exploration. Future work may 
include ensemble boosting 

algorithms. 

Panda et al. 
(2022) 

Proposed the ML Health 
Insurance Prediction System 

(MLHIPS) using multiple 

regression techniques. 

Health Insurance Cost 
Dataset. 

Polynomial Regression achieved 
the best performance with RMSE 

= 5100.53 and R² = 0.80. 

Prediction accuracy remains 
moderate. Future work should 

investigate advanced ensemble and 

boosting methods. 

Research Gaps: The existing studies on health insurance 
cost prediction have primarily focused on traditional machine 
learning models such as Linear Regression, Random Forest, 
KNN, and Support Vector Regression, achieving moderate to 
high prediction accuracy. Although some studies incorporated 
optimization techniques and ensemble methods, limitations 
remain in terms of prediction accuracy, model generalization, 
feature diversity, and handling complex nonlinear 
relationships among insurance-related factors. Moreover, 
research was often based on relatively small-scale data sets 
and did not include much advanced analysis on advanced 
boosting algorithms. Therefore, there is a need for a more 
robust and accurate predictive framework that leverages 
advanced ensemble learning techniques, such as XGBoost, to 
improve health insurance cost estimation and support better 
decision-making in pharmaceutical healthcare applications. 

III. RESEARCH METHODOLOGY  

The proposed methodology uses the Medical Insurance 
Cost Dataset to predict health insurance charges. Data 
preprocessing techniques such as missing value handling, 
duplicate removal, outlier detection, one-hot encoding, and 
standardization were applied to improve data quality. The 
dataset was split into 80% training and 20% testing data, and 
the XGBoost regression model was trained for prediction. 
Finally, model performance was evaluated using R² and Mean 
Absolute Error (MAE) metrics. Fig. 1. illustrates the proposed 
flowchart for Health Insurance Cost Prediction using machine 
learning. 

The following section describes the individual stages of 
the proposed approach in detail: 

https://doi.org/xxxxxxxxxxxxx
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Fig. 1. Proposed Flowchart for Health Insurance Cost Prediction Using Machine Learning 

A. Data Gathering and Analysis 

This study utilizes the Medical Insurance cost dataset. The 
dataset of medical insurance expenses used to create the ML 
model for cost prediction was obtained from Kaggle and 
comprises 1,338 records with seven attributes. Data 
visualizations such as bar plots and heatmaps were used to 
examine distribution, feature correlations etc., are given 
below: 

 

Fig. 2. Bar Graph of Class Distribution  

Fig. 2. shows the distribution of the smoking status classes 
in the data. The graph displays a clear class imbalance with 
around 1060 records for the non-smoker ("no") class and 
around 275 records for the smoker ("yes") class. This means 
that most people in the dataset are non-smokers. 
Understanding this class distribution is important because 
such an imbalance can influence the performance of machine 
learning models, potentially causing them to favour the 
majority class during prediction. 

 

Fig. 3. Correlation Heatmap  

Fig. 3. shows the correlation among the dataset features 
and the target variable, Premium Price. Age exhibits the 
strongest positive correlation with Premium Price (0.70), 
indicating that premium costs generally increase with age. 
Other factors, such as the number of Major Surgeries, Any 
Transplants, and Any Chronic Diseases, show moderate 

positive correlations, while most remaining features have 
weak relationships with the target variable. 

 

Fig. 4. Histogram Plot for Distribution of Features 

Fig. 4. presents the distribution of the dataset features 
using histogram plots. The variables age, BMI, and children 
show varying distributions, with BMI following an 
approximately normal distribution, while age and children 
exhibit moderate skewness. The charges feature is highly 
right-skewed, indicating that most individuals incur lower 
medical expenses, whereas a smaller number have 
significantly higher charges, and the categorical features 
smoker and region display the frequency distribution of their 
respective classes. 

B. Data Pre-Processing  

The Medical Insurance Cost Dataset was utilized for data 
preparation and preprocessing to ensure data quality and 
model readiness. The preprocessing procedure included 
Missing Value Analysis, duplicate value removal, outlier 
removal, label encoding of categorical variables, and data 
normalization. These steps improved the consistency, 
reliability, and compatibility of the dataset, making it suitable 
for training and evaluating machine learning models. The key 
stages of the preprocessing workflow are described below: 

• Missing Values Analysis: Dealing with missing 
values is the first stage in data cleansing. Absent data 
were detected using the is null (), sum () function. 
Records containing null values were removed using 
the drone () method to maintain data integrity. 

• Delete duplicate values: Make use of the Remove 
Duplicates method to guarantee that duplicate data is 
removed from the dataset forever. 

• Outlier Removal: Extreme data points were identified 
and removed to improve data quality and enhance 
model accuracy.  

Medical Insurance cost dataset 
Missing Values 

Analysis 

Delete 

duplicate value 

Outlier 

Removal 

Data Pre-processing 

Data encoding using One 
hot encoding 

Feature Importance 

Data Splitting 

Training  Testing  

Implement Extreme 
Gradient Boosting 

(XGBoost) Model 

Model 

evaluation 

R-Squared Mean Absolute 

Error (MAE) 

Results  

Normalization using 
Standard Scaler 
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C. Data Encoding Using One Hot Encoding 

Data encoding is the technique used to convert categorical 
data to numerical representation and prepare it for efficient use 
by machine learning algorithms. In this study, One-hot 
encoding is applied to the region column, with different 
columns for each unique region category, represented in the 
form of 1’s and 0’s. This ensures that the categorical features 
for all of the data, since sex, smoker, and region are categorical 
in nature, get encoded and support the machine learning 
model. 

D. Normalization using Standard Scaler 

Given the different scales of each descriptor, the dataset 
was standardized using the StandardAero () method to 
transform the data so that the mean of the resulting distribution 
is zero and the standard deviation is one. This transformation 
is achieved by subtracting the mean value of each observation 
and dividing by the standard deviation, as shown in Equation 
(1): 

 𝑧 =
𝑥−𝜇

𝜎
 () 

where 𝑧 is the transformed value of the feature, 𝑥 is the 
original value of each descriptor, 𝜇 is the mean, and 𝜎 is the 
standard deviation of the feature in the dataset. 

E. Feature Importance 

The feature importance analysis was conducted to 
determine the most important features in the prediction of 
medical insurance costs. The results revealed that features 
such as age, BMI, and smoking status contributed 
significantly to the prediction of insurance charges. This 
analysis helps improve model interpretability and provides 
insights into the key factors driving healthcare expenses [29]. 

 

Fig. 5. Feature Importance Plot 

Figure 5 illustrates the relative importance of features used 
in the insurance cost prediction model. The results revealed 
that the most influential factors are smoker status, smoker-
related charges, BMI, and age, and that the regional and 
demographic properties are relatively less influential on the 
prediction outcome. 

F. Data Splitting 

Dataset splitting is a crucial process in ML modelling that 
supports the model at every stage, from training to evaluation. 

The dataset is divided into two distinct subsets: the training 
set and the testing set. During the experimental phase, 80% of 
the data is utilized for training and 20% for testing. 

G.  Proposed Extreme Gradient Boosting (XGBoost) Model 
In this work, a supervised machine learning-based 

boosting model, namely Extreme Gradient Boosting 
(XGBoost), is proposed for Health Insurance Cost Prediction. 
XGBoost is a powerful ensemble learning algorithm that 
constructs multiple decision trees sequentially, where each 
subsequent tree is trained to correct the errors of the previous 
trees. For regression tasks, XGBoost minimizes an objective 
function consisting of a loss function and regularization terms, 
thereby improving prediction accuracy while reducing 
overfitting. The mathematical formulation of the XGBoost 
regression model is expressed in Equation (2): 

 𝑦 = 𝑓(𝑥) (2) 

where 𝑦 is the predicted property price, x is the vector of 
input features (such as square footage, number of bedrooms, 
etc.), and 𝑓(𝑥)is the XGBoost model that predicts y based on 
𝑥. To compute 𝑓(𝑥), XGBoost builds an ensemble of decision 
trees that are trained to minimize the mean squared error 
(MSE) loss function. The model combines the predictions 
from multiple decision trees to arrive at a final prediction. The 
general form of the XGBoost regression model can be 
expressed as Equation (3): 

 𝑦 = ∑(𝑘 = 1 𝑡𝑜 𝐾)  𝑓𝑘(𝑥) (3) 

where 𝑓𝑘(𝑥) is the prediction of the k-th decision tree, and 
𝐾 is the total number of decision trees in the ensemble. The 
prediction of each tree is a weighted sum of the leaf values of 
the tree, which are learned during training. The prediction of 
the XGBoost model for a given input 𝑥  is obtained by 
summing the predictions of all the decision trees in the 
ensemble. 

The proposed XGBoost model was configured with the 
following hyperparameter values: number of estimators 
(n_estimators) = 500, learning rate = 0.05, maximum tree 
depth (max_depth) = 6, minimum child weight 
(min_child_weight) = 3, subsample ratio = 0.8, column 
sample by tree (colsample_bytree) = 0.8, gamma = 0.1, and 
random state = 42. These parameters were selected to balance 
model complexity, minimize overfitting, and improve 
prediction accuracy for health insurance cost estimation. 

H. Evaluation Metrics 
Evaluating models is important during ML project 

development since it lets you judge their performance and 
present their results more clearly. But it is not easy to predict 
the exact value of a regression model which is why it try to 
explain how close the predictions and actual observations are. 

It evaluated the models by applying 2 metrics (𝑅2), and 
Mean Absolute Error (MAE): 

R-Squared (R2): 𝑅2 is the squared form of the 
Correlation Coefficient (R) and is used to assess how well a 
model fit. It also denotes the proportion of the predicted price 
that is explained by the features (see Equation (4)).: 

 𝑅2 =
∑ (𝑦𝑖−𝑦𝑖)2𝑛

𝑖=1

∑ (𝑦𝑖−𝑦̅𝑖)2𝑛
𝑖=1

 (4) 

Mean Absolute Error (MAE): MAE is a commonly used 
metric for evaluating the accuracy of a predictive model. It 
measures the average magnitude of errors in a set of 
predictions, without considering their direction. A lower MAE 
value suggests better performance. The formula to calculate 
MAE is (see Equation (5). 
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 𝑀𝐴𝐸 =
1

𝑛
∑ |(𝑦𝑖 − 𝑦𝑖

𝑃)|𝑛
𝑖=1  (5) 

Where: 

𝑦 is the actual value, 

𝑦  is the predicted value, and 𝑛  is the number of 
observations.  

IV. RESULTS AND DISCUSSION  

This section presents findings from ML experiments 
conducted to predict costs in health insurance claims using the 
Medical Insurance Cost Dataset. ML models were trained on 
a system with a 3.3 GHz Intel dual-core i6 processor, 1 TB 
RAM, and Windows 10 operating system. Evaluation of the 
model’s performance was conducted using key regression 
metrics, namely the R-Square (R²) and Mean Absolute Error 
(MAE), as presented in Table II. The proposed Extreme 
Gradient Boosting (XGBoost) model achieved an R² value of 
99% and an MAE of 721.05, demonstrating excellent 
predictive accuracy and a very low prediction error for health 
insurance cost estimation. 

TABLE II.  RESULTS OF PROPOSED MODELS FOR HEALTH INSURANCE 

COST PREDICTION 

Matrix Extreme Gradient Boosting (XGBoost) 

MAE 721.05 

R-Square 99 

 

Fig. 6. Actual vs Predicted Health Insurance Costs with Best-Fit Line 

Fig. 6 illustrates the relationship between the actual and 
predicted health insurance costs generated by the XGBoost 
regression model. The blue scatter points represent individual 
observations, while the orange best-fit line indicates the 
overall trend between actual and predicted values. The close 
alignment of the data points with the best-fit line demonstrates 
the model's high predictive accuracy and strong correlation 
between observed and estimated costs. The minimal deviation 
from the line suggests that the model effectively captures the 
underlying patterns in the health insurance dataset. 

 

Fig. 7. Line Plot of Actual vs Predicted Medical Insurance Costs 

Fig. 7. shows the comparison of real health insurance costs 
and health insurance cost predicted by the XGBoost model for 
each observation. The blue line represents the predicted 
values, while the orange line denotes the actual values. The 
close overlap between the two curves indicates that the model 
accurately captures variations in insurance costs and produces 
reliable predictions. The minimal differences between the 
actual and predicted values demonstrate the effectiveness and 
robustness of the proposed model in health insurance cost 
estimation. 

A. Comparative Analysis 

The effectiveness of the proposed model is tested with the 
comparative evaluation of the accuracy presented in Table III, 
which are compared with other existing models. The 
performance of LightGBM, Random Forest (RF), AdaBoost, 
and Extreme Gradient Boosting (XGBoost) was evaluated 
using Mean Absolute Error (MAE) and R-Square (R²) metrics. 
Among all models, XGBoost achieved the best performance 
with an MAE of 721.05 and an R² value of 99%, indicating 
superior prediction accuracy and minimal error. In 
comparison, LightGBM, RF, and AdaBoost attained R² values 
of 86.8%, 84%, and 87.1%, respectively, with higher 
prediction errors. These results demonstrate that the proposed 
XGBoost model significantly outperforms the other machine 
learning models for health insurance cost prediction. 

TABLE III.  COMPARISON OF DIFFERENT MACHINE LEARNING MODELS 

FOR HEALTH INSURANCE COST PREDICTION 

Model MAE R2 

LightGBM[30] 2381.5 86.8 

RF[31] 1379.9 84 

AdaBoost[32] 2.3052 87.1 

XGBoost 721.05 99 

The proposed Extreme Gradient Boosting (XGBoost) 
model offers several advantages for health insurance cost 
prediction. It achieved a high R² value of 99%, indicating 
excellent predictive capability, while maintaining a low MAE 
of 721.05, which reflects minimal prediction error. It is 
capable of representing complicated relationships between 
features, dealing with non-linear data patterns and mitigating 
overfitting via regularization methods. These characteristics 
make it a robust and reliable model for accurate health 
insurance cost estimation. 

V. CONCLUSION  

Insurance is a financial protection mechanism that helps 
individuals reduce the risk of monetary loss arising from 
unexpected events. It can cover various aspects of life, 
including health, automobiles, education, business, and 
property. Among these, health insurance is particularly 
important due to the increasing prevalence of diseases, 
medical emergencies, and rising healthcare expenses. In this 
study, health insurance costs were predicted using machine 
learning algorithms, namely Random Forest (RF), AdaBoost, 
LightGBM, and XGBoost, on the Medical Insurance Cost 
Dataset. The performance of these models was evaluated 
using the R² metric, where XGBoost achieved the highest 
prediction accuracy of 99%, outperforming AdaBoost 
(87.1%), LightGBM (86.8%), and RF (84%). The findings 
indicate that XGBoost effectively captures complex 
relationships among insurance-related factors and provides 
highly accurate cost predictions, making it a suitable tool for 
health insurance cost estimation and financial decision-
making. 
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A. Limitation and Future Work 

A limitation of this study is that the model was developed 
and evaluated using a single health insurance dataset, which 
may limit its generalizability to other populations and 
healthcare environments. Future work can focus on 
incorporating larger, more diverse datasets from multiple 
healthcare and insurance sources to improve model robustness 
and predictive reliability. Additionally, advanced deep 
learning and hybrid ensemble approaches can be explored to 
further enhance prediction performance. The inclusion of 
additional medical, pharmaceutical, and behavioral factors 
may also provide more comprehensive insurance cost 
estimation. 
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