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Abstract This paper presents a machine learning-based system for predicting medical
insurance costs. The system utilizes a dataset from Kaggle containing 1,338 entries with
features such as Age, Gender, BMI, Smoking Habit, and number of children. The study aims to
enhance the efficiency of insurance policies through advanced predictive modeling,
particularly in the context of the Covid-19 pandemic. Various regression models, including
Linear Regression, Random Forest, and Gradient Boosting, were employed. The models were
trained on a 70-30 dataset split and evaluated for accuracy. Random Forest emerged as the
top performer with an R-squared value of 0.87, followed closely by Gradient Boosting (0.85).
The results underscore the potential of machine learning to refine insurance pricing by
leveraging personal and regional health data for more accurate predictions.
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ILINTRODUCTION

Healthcare has become a global necessity, especially highlighted by the Covid-19 pandemic, which has underscored
the importance of health insurance as a critical financial backup. With rising healthcare costs, accurate prediction of insurance
costs is essential for both insurers and customers to manage potential risks and select the best policies.

This paper explores the use of machine learning (ML) to predict individual health insurance costs. ML methods
offer accuracy and efficiency in processing large volumes of data, benefiting both customers and insurance companies. The
paper is structured as follows: Section Il reviews the literature and problem statement, Section 111 describes the dataset and
features, Section 1V outlines the methodology, Section V presents the results and discussion, and Section VI concludes the
study.

ILLITERATURE REVIEW AND PROBLEM STATEMENT

In recent years, several attempts have been made to predict health insurance costs using machine learning. A study
by Kashish Bhatia et al. [1] proposed a machine learning-based health insurance prediction system, achieving an accuracy of
81.3% using linear regression. Another study by Mohamed Hanafy [2] demonstrated how different regression models could
forecast insurance costs, highlighting the importance of accurate and reliable predictive tools. The primary challenge in health
insurance cost prediction lies in the complexity of the data and the dynamic nature of healthcare policies. Existing systems
often struggle with data quality, model complexity, and generalization issues. This project aims to address these challenges
by developing a machine learning system that can accurately predict medical insurance costs using a dataset from Kaggle
with 1,338 entries.

I11.DATASET DESCRIPTION
We utilize the data from [18] to solve the insurance prediction task. The dataset contains 1,338 observations on
insurance costs in four India regions. A detailed analysis of the dataset is given below in Table I.

Ex Name of Type
(Input/Output)

Details

No Variable
1 Age Input

Gender Input

Children Input Range: O to 5, Mean: 1.095

utput Min: 1, 122, Max

Table I. Characteristics of Dataset Used

163,770, Mean: $13,270
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age sex bmi children smoker region charges company

o 19 female 27.900 o yes southwest 16884.92400 Lic
1 18  male 33.770 1 no southeast 1725.55230 ICICI Lombard

2 28 male 33.000 3 no southeast  4449.46200 Lic

3 33  male 22.705 o no northwest 21984.47061 HDFC ERGO
a 32  male 28.880 o no northwest  3866.85520 SBI Life
1333 50 male 30.970 3 no northwest 10600.54830 Bharti AXA
1334 18 female 31.920 o no northeast  2205.98080 New India
Assurance

1335 18 female 36.850 o no southeast 1629.83350  Oriental Insurance
1336 21 female 25.800 o no southwest 2007.94500 Haited Incia

Insurance

1337 61 female 29.070 o} yes northwest 29141.36030 Kotak Mahindra

Fig. 1. Sample of data from the used dataset

IV.METHODOLOGY

The methodology involved a systematic approach to predicting medical insurance costs using machine learning.
The dataset was preprocessed to handle missing values, outliers, and feature engineering. Three models—Multiple Linear
Regression, Random Forest, and Gradient Boosting— were trained and evaluated using a 70-30 dataset split. The models
were evaluated using R-squared and MSE, with Random Forest emerging as the best-performing model. The results were
interpreted to understand the impact of different features on insurance costs, and the model was deployed for real-world use.
This approach ensures accurate and reliable predictions, which can help insurance companies and customers make informed
decisions.
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Fig. 2. Proposed methodology
1. Multiple Linear Regression: Linear regression is a supervised machine learning algorithm that models the linear
relationship between the dependent variable (insurance cost) and one or more independent features (e.g., age, BMI,
smoking habit). It fits a linear equation to the observed data, allowing for the prediction of the dependent variable based
on the input features.

o Mathematical Representation:
y =p0 + BIx1 + p2x2 +---+ Pnxn + €

Where:

o y= predicted insurance cost  (dependent variable),
e B0 =intercept (constant term),

o PB1,B2,...,pn = coefficients of the independent variables,

e x1,x2,....xn = independent variables (e.g., age, BMI, smoking habit),
o c=error term (residuals)

2. Random Forest: Random Forest is an ensemble learning method that constructs multiple decision trees during the
training phase. Each tree is built using a random subset of the dataset and a random subset of features. The final
prediction is made by averaging the predictions of all trees, which reduces the risk of overfitting and improves overall
prediction accuracy.
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o Mathematical Representation:
1 iy
G = 2= g Fie(z:)

Where:

o y”i = predicted value for data point xi,

e K =number of trees in the Random Forest,

o fk(xi) = prediction from the k-th tree for xi.

3. Gradient Boosting: Gradient Boosting is another ensemble learningtechnique that combine the predictions of multiple
weak models (typically decision trees) to produce a stronger prediction. It works by sequentially building trees, where
each tree corrects the errors of the previous one. This method is particularly effective for handling large datasets and
achieving high accuracy.

o Mathematical Representation:

K
Yi = E Jr(xi)
k=1

Where:

o y7i =predicted value for data point xi,

o K =number of trees or base models,

o fk(xi)= output from the k-th base learner for input xi.

4. GOOGLE COLLAB: Collaboratory, or simply Colab, is a Google Research tool that allows developers to create and

run Python code directly from their browser. For deep learning tasks, Google Colab is a good tool.

Steps for predicting the insurance cost: The above technologies and datasets were used to implement the research paper.
Here, we will discuss steps to carry out this work alongwith supporting screenshots.

1.

2.

Loading the libraries and modules: All the required libraries and modules were loaded into the Google Collab.

cO & insurance_costprediction.ipynb % & 5 ®

File Edit View Insert Runtime Tools Help

w— + Code + Text

@ [ 1 import pandas as pd
| import numpy as np
{x} import matplotlib.pyplot as plt
import seaborn as sns

Loading Data: Next, data downloaded from Kaggle is uploaded in the project after cleaning and filtrations.

[ 1 df = pd.read_csv('/content/sample data/insurance.csv')

™~ Vv o+ e E S Do

© «<f
2 age sex bmi children smoker region charges company
o 19 female 27.900 o yes southwest 16884.92400 Lic
1 18  male 33.770 1 no southeast 1725.55230 ICICI Lombard
2 28 male 33.000 3 no southeast 4449.46200 Lic
3 33  male 22705 o no northwest 21984.47061 HDFC ERGO
4 32 male 28.880 o no northwest 3866.85520 SBI Life
1333 50 male 30.970 3 no northwest 10600.54830 Bharti AXA
1334 18 female 31.920 o no northeast 2205.98080 bisw lndia
Assurance
1335 18 female 36.850 o no southeast 1629.83350  Oriental Insurance
United India
1336 21 female 25.800 o no southwest 2007.94500 el
1337 61 female 29.070 o yes northwest 29141.36030 Kotak Mahindra

1338 rows x 8 columns
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V.RESULTS AND DISCUSSION
This section represents the results obtained, the first six graphs of this section shows the correlation between charges
and various features like age, sex, BMI, Number of children, Smoker, charges, region, company
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Fig. 3. Correlation between insurance charges and bmi.

.Figure 3 presents the correlation between insurance charges and BMI. As shown, there is a weak positive correlation
(0.198) between BMI and insurance charges. While an increase in BMI is generally associated with higher charges, the
relationship is not strong.
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Fig. 4. Correlation between insurance charges and age

Figure 4 presents the correlation between insurance charges and age. As expected, charges increase exponentially
with age. Higher age groups tend to have significantly higher insurance charges.The correlation coefficient (0.299)
indicates a moderate positive correlation.
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Fig. 5. Correlation between insurance charges and children

Figure 5 presents the correlation between insurance charges and number of children. As shown, there is no
significant correlation between the number of children and insurance charges, as indicated by the low correlation coefficient

(0.068).

Numerical column analysis

1.age is the strongest predictor in dataset

2.bmi moderately signify the cost predication
3.childern has weak correlation with cost predication
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Fig. 6. Barplot between insurance charges and sex
Figure 6 presents the relationship between insurance charges and sex. As shown, there is no significant difference
in insurance charges between males and females. Both genders have similar average charges, with males having slightly
higher costs.The bar chart suggests that sex is not a strong factor in determining insurance charges.
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Fig. 7. Barplot between insurance charges and smoker

Figure 7 presents the relationship between insurance charges and smoking status. As shown, smokers have
significantly higher insurance charges compared to non- smokers. The difference is substantial, indicating that smoking is
one of the most influential factors affecting insurance costs.The bar chart suggests that smoking status has a strong impact
on medical expenses.

charges

southwest southeast northwest northeast
region

Fig. 8. Barplot between insurance charges and region

Figure 8 presents the relationship between insurance charges and region. As shown, insurance charges vary slightly
across different regions, with the Southeast region having the highest average charges and the Southwest and Northwest
regions having slightly lower costs.The bar chart suggests that region does not have a significant impact on insurance charges,
as the differences are relatively small.
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Fig. 9. Barplot between insurance charges and companies

Figure 9 presents the relationship between insurance charges and companies. As shown, insurance charges remain
relatively consistent across different companies, with minor variations in average costs.
Categorical -Numerical column analysis:
1. gender wise effect cannot signify much in cost predication
2. smoker is highly significant in cost predication
3. region wise does not much signify much in cost prediction
4. companies like SBI LIFE , HDFC ERGO and KOTAK MAHINDRA moderately signify in the cost predication

User Input

Fig. 10. Website page
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Linear Regression Model Prediction: X
Random Forest Model Prediction: X

XGBoost Model Prediction: X

Insurance Company Recommendation

Linear Regression Model Recommendation: Kotak Mahindra

Random Forest Model Recommendation: LIC

XGBoost Model Recommendation: New India Assurance
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Fig. 11. Output
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Fig. 12. Correlation Matrix
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Fig. 13. Confusion Matrix
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Fig. 13. ROC Curve

VI.CONCLUSION
In this medical insurance cost prediction project, we developed a model that effectively estimates insurance costs
based on key factors: age, BMI, sex, region, and smoking status. Our findings indicate that each of these variables
significantly influences insurance premiums, with age and smoking having particularly strong correlations. This highlights
the importance of a data-driven approach in designing insurance products that are both fair and tailored to individual risk
profiles.
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