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Abstract. The present study introduces a health insurance prediction system
that leverages machine learning methodologies. In contemporary times, there
has been a notable increase in endeavors focused on tackling this matter since
the significance of health insurance as a research topic has markedly escalated
following the pandemic. The dataset employed in this research comprises 1338
observations 7 columns and corresponds to individual medical expenditures in
the United States, available at the Kaggle platform. The dataset encompasses a
variety of variables utilized in the prediction of insurance prices, including age,
gender, BMI, smoking status, and number of children. The researchers used
machine learning models, including neural networks, XAl, and auto modeling,
to determine the correlation between pricing and the attributes. The training
process involved partitioning the dataset into an 80-20 ratio for training and
evaluation. Consequently, the system achieved an accuracy rate of 97% by Gra-
dient Boosting, but we corrected it to 92% by Gradient Boosting Regressor by
encoding and hyper-tuning. Also, among predictive machine learning models,
Random Forest had the best accuracy i.e., of 83.44%.
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1 Introduction

In today’s world, many of us require medical coverage. Annual premiums differ de-
pending on the type of medical care. Medical expenditures are difficult to estimate
due to the wide range of health issues. Some conditions are more common among
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certain demographics. Smokers are more likely to develop lung cancer, whereas obese
people are more likely to develop cardiac problems [1]. Insurers invest significant
time and money in creating algorithms that accurately forecast medical expenditures.
As data scientists, we may be given real-world patient data in the form of (insur-
ance.csv) with seven columns: numerical variables (age, BMI, children, and medical
cost) and categorical variables (sex, smoker, region). Utilizing customer information
is critical for many businesses [2]. Regarding an insurance company, client traits such
as those stated below can be crucial when making decisions. As a result, the capacity
to analyze and extract value from such data can be invaluable.

This essential contribution of this work is outlined as follows:

e To develop a prediction model for estimating medical costs using supervised
learning approaches.

e Finding relevant variables and evaluating their significance in forecasting medi-
cal expenses, which are made possible through data exploration, correlation anal-
ysis, and regression modeling.

e To delve thoroughly into the data to unearth some useful information.

e Thus, finding analytical results will provide essential insights into the factors
influencing medical expenses and the effectiveness of the constructed models.

The paper is structured into five distinct sections. Section 2 provides a comprehen-
sive literature review, while Section 3 outlines the research methods and materials
employed. Section 4 presents the analysis and results derived from the study, and
finally, Section 5 concludes the paper.

2 Literature Survey

The following investigation expands upon comparing various machine learning mod-
els for Bank Fraud detection as presented by multiple researchers.

The utilization of data analytics and machine learning techniques in predicting
healthcare costs has garnered significant attention in recent research. This literature
survey delves into key studies that explore healthcare cost patterns and prediction
utilizing personal datasets.

Abdelmoula et al., (2021) [1] presented a machine learning-based prediction tool for
hospitalization costs. The study leveraged algorithms to forecast hospitalization costs,
offering insights into cost estimation accuracy. Baro et al. (2022) [2] focused on pre-
dicting hospitalization using health insurance data. Their research utilized data-driven
methodologies to anticipate hospitalization events, contributing to enhanced risk as-
sessment. Subroto et al., (2022) [3] employed tree-based algorithms to predict infor-
mal workers' willingness to pay for national health insurance after tele-collection.
Their approach provided valuable insights into determining individuals' preferences
regarding health insurance participation. T et al. (2023) [4] conducted medical insur-
ance cost analysis and prediction using machine learning. Their work facilitated a
better understanding and prediction of medical insurance costs through data analytics.
Vijayalakshmi et al., (2023) [5] implemented a medical insurance price prediction



system using regression algorithms, enhancing the accuracy of cost estimation. Dong
et al., (2021) [6] enhanced interpretability using decision tree regression with an in-
surance dataset, contributing to a clearer understanding of the underlying cost pat-
terns. Bora et al., (2022) [7] explored the interpretation of machine learning models
using XAl in health insurance datasets, promoting transparency and insights into pre-
dictive models. Bhatia et al., (2022) [8] investigated health insurance cost prediction
using machine learning techniques, striving for accurate estimation of insurance costs.
D et al., (2022) [9] utilized machine learning algorithms to predict health insurance
costs, aiding in cost estimation for healthcare services. Jyothsna et al., (2022) [10]
employed XGboost regressor to predict health insurance premiums, contributing to
improved premium estimation accuracy. Sailaja et al., (2021) [11] proposed a hybrid
regression model for medical insurance cost prediction and recommendation, offering
a comprehensive approach to cost estimation. Mary Chittilappilly et al., (2023) [12]
conducted a comparative analysis of optimizing medical insurance prediction using
genetic algorithms and other machine learning methods, striving for improved predic-
tion accuracy. Wedanage et al., (2021) [13] focused on forecasting healthcare costs in
Australia using health insurance claims data, contributing to informed cost predic-
tions. Panda et al., (2022) [14] explored health insurance cost prediction using regres-
sion models, enhancing the accuracy of cost estimation. Aggarwal el al., (2022) [15]
predicted health insurance amounts using supervised learning techniques, aiding in
precise amount estimation. Alzoubi et al. (2022) [16] analyzed cost prediction in med-
ical insurance using modern regression models, contributing to an improved under-
standing of cost patterns. B et al. (2022) [17] explored end-to-end encryption and
prediction of medical insurance costs, combining data privacy with accurate predic-
tion techniques. Xiaoqun el at., (2022) [18] proposed an improved K-means clustering
model based on a support vector machine for health insurance cost prediction, en-
hancing the accuracy of prediction techniques. Harale et al., (2022) [19] empirically
analyzed predictive models for insurance claim classification, aiding in classification
and prediction of healthcare claims. Kikuchi et al., (2022) [20] investigated disease
prediction from officially anonymized medical and healthcare big data, contributing
to early disease identification. Dutta et al., (2021) [21] developed a data mining-based
approach for modeling health insurance claims, offering insights into efficient claim
processing and prediction.

In summary, the presented studies collectively emphasize the importance of data ana-
Iytics and machine learning in understanding healthcare cost patterns and predicting
costs accurately. These works contribute to informed decision-making and improved
healthcare cost management through data-driven insights. This literature survey high-
lights the diverse range of approaches and methodologies employed in healthcare cost
prediction and analysis, contributing to the understanding of cost patterns and the
enhancement of healthcare management strategies.



Table 1. Summary of related work

Ref. Data set Best Model Accuracy

[6] Insurance Dataset Decision Tree Regression 81%

[10] Health Insurance Data XGBoost Regressor 87%
TPOT 87.4%
generated:

. radien

[12] Medical Insurance Data Grad ? t

Boosting

Regressor with
Lasso Lars CV
[16] Medical Insurance Data Gradient Boosting Regressor | 87.8%

[21] Health Insurance Claims | Random Forest Regressor 86.2%
Data

3 Methodology and Data Analytics

The authors can divide this paper into four main stages: Dataset Description, Data
Pre-processing, EDA, Model preparation, and training. Figure 1 depicts the flow of
data in this entire process.
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Fig. 1. Proposed Model

3.1  Dataset Description

The dataset under investigation contains information regarding medical costs in-
curred by individuals meeting specific criteria. This comprises 1338 observations
alongside 7 columns, corresponding to individual medical expenditures in the United
States as available on the Kaggle platform. It forms a part of a broader statistical
learning project focusing on insurance analysis. The dataset attributes are as follows:

Age: The age of the primary beneficiary for the insurance coverage. Gender: The
gender of the insurance holder is categorized as female or male. Body Mass Index
(BMI): A numerical measure of an individual's body weight relative to height. A
healthy BMI range is typically between 18.5 and 24.9 kg/m2. Children: The number of
dependents or children covered by health insurance. Smoker: Indicates whether the
individual is a smoker or not. Region: The geographical region within the United
States where the insurance recipient resides, categorized into northeast, southeast,
southwest, and northwest. Medical Cost: The monetary value of medical expenses
billed by health insurance companies for everyone [21].

3.2  Data Pre-processing

The given dataset is labeled for all variables, and we must predict medical costs
based on each variable. So, the input and output are labeled, which tends to be super-
vised learning [22]. Now, Classification and regression are connected to prediction.
Classification involves identifying values or objects that pertain to a particular catego-



ry. In contrast, the regression method predicts a response value based on a series of
outcomes. Classification is preferred over regression when the model's output must
identify the category to which each data point in a dataset belongs [23]. In the given
case, the output label is medical cost, which would be a continuous value (neither
discrete nor grouped), which means it must be a regression analysis, which is multi-
linear regression as it has one dependent variable and more than 2 independent varia-
bles including numerical and categorical [24].

3.3 Exploratory Data Analysis

The EDA phase of the research process involves an in-depth exploration of the da-
taset to uncover patterns, relationships, and insights that can inform subsequent model
preparation and analysis [25]. This stage is crucial as it helps understand the dataset's
structure and characteristics. The Medical Insurance dataset, in our case, has some
noticeable trends in the data. Let’s uncover those and try to gain a deeper understand-
ing using Python Plotting libraries and various kinds of plots:

Considering features of BMI and age, this line plot offers a clear and concise visual
representation of how average BMI [26] changes across different age groups, poten-
tially shedding light on age-related trends in health and lifestyle factors among the
individuals represented in the dataset.

Average BMI per age
33 =O= bmi

Fig. 2. Average BMI per age
Violin plots are utilized when observing the distribution of numerical data and are
particularly useful when comparing the distributions of multiple groupings. Peaks,
valleys, and tails of each group's density curve can be contrasted to identify areas of
similarity and difference. Frequently, additional elements, such as box plot quartiles,
are added to a violin plot to provide additional means of group comparison [27].
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Fig. 3. Violin plot showing “Distribution of Medical Costs by Number of Children”
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Fig. 4. Distribution of Medical Costs by Gender

The violin plot in figure 3 tells that the distribution of medical cost is more when the
number of children is 4. The violin plots in figure 4 tells that the distribution of medi-
cal cost is almost the same and doesn't change with Gender.

The horizontal bar plot effectively communicates the average medical cost variations
across different numbers of children, enabling quick and clear comparisons between
categories. It provides valuable insights into the relationship between family size and
medical expenses.

Average medicalCost ameunt per number of children

Fig. 5. Average medicalCost amount per number of children
From the plot, it’s very clear that when the number of children’s is 3, the average
medicalCost is the most.
The joint plot is a compelling visualization to explore and understand the potential
relationship between age and medical costs, providing valuable insights for further
analysis and model development.
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Fig. 6. Relationship Between Age and Medical Costs
The pie chart effectively communicates the distribution of total medical costs among
different regions within the dataset, providing an overview of the regional contribu-
tions to the overall medical cost amount.
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Fig. 7. Distribution of Total Medical Costs by Region

In general, men are spending more than women. The authors anticipated a massive
gap, but there is only a small one which is clear from Figure 8.

Total medicalCost amount smoker

medicalCost

Fig. 8. Distribution of Total Medical Costs by Smoking Habits



The box plot effectively communicates the distribution of medical costs for different
smoking habits, providing insights into potential differences in healthcare expenses
between individuals with varying smoking habits.
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Fig. 9. Distribution of Medical Costs by Smoking Habits (Box Plot)
From figure 9, it’s very clear that the person who is a “Smoker” has a significantly
higher range of medical costs as the longer the box, the more dispersed is the data.
The smaller, the less dispersed the data.
Now, let’s see a 3D scatter plot where the "age" values will be along the x-axis, the
"bmi" values will be along the y-axis, and the "medicalCost" values will be along the
z-axis. The associated "sex" value will decide the colour of each point.
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Fig. 10. 3D Scatter Plot of Age, BMI, and Medical Costs to determine Sex using plot color of
red as male and blue as female.

This visualization is helpful to understand how age, BMI, and medical costs change
between females. It may uncover patterns or correlations between these variables that
can be useful for additional research or modelling.
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3.4  Key Insights

Most of the participants are in their 20s. Men pay a more significant average rate for
insurance than women do. In the study, there are more non-smokers than smokers.
The Southeast has the highest insurance rates, followed by the Northeast, the North-
west, and the Southwest. A participant's insurance premium is higher than a member's
insurance premium if they do not have any children. Only a slender correlation (corr
0.067) exists between the factors and the number of children.

4 Analysis and Result Discussion

The complex relationships between demographic, lifestyle, and regional factors
and personal healthcare expenses are the focus of our investigation. We discovered
essential trends through various exploratory data analysis techniques that shed light
on the distribution and volatility of medical costs across multiple populations. A thor-
ough analysis of these patterns offers a detailed comprehension of the variables influ-
encing healthcare costs in the investigated group. Our visualizations highlight the
value of investigating the data from many perspectives. For instance, the scatter plot
matrix offered insights into pairwise correlations between variables, and the 3D scat-
ter plots made possible by color-coded gender differentiation, allowing for the simul-
taneous assessment of age, BMI, and medical costs. The distribution of medical ex-
penses across several categories is also illuminated by box plots and violin plots,
highlighting potential deviations and outliers that demand additional research. Fur-
ther, metrics like mean absolute error, mean squared error, and R-squared were used
to quantitatively assess the model's performance.

411 Data Correlation
The resulting heatmap in Figure 11 provides a visual representation of the correlations

between numerical variables in the dataset. Each cell in the heatmap is colored ac-
cording to the strength and direction of the correlation.

age

sex

children bmi

smoker

medicalCost  region
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Fig. 11. Numerical Data Correlation

As we previously mentioned, the most significant link between numerical values is
seen between medical cost and age (0.30). Also, the smoking status of a person has
the most impact on the price. We have it, and that is the most essential element. The
heatmap makes clear the three most crucial factors influencing medical costs: Smok-
ing, age, and BMI By taking categorical variables into account using one-hot encod-
ing, we may create a somewhat different heatmap.

4.1.2 Gradient Boosting Regressor

GBR model is adequate with an accuracy of 89%. The plot in Figure 12 provide in-
sights into how well the model predicts insurance costs.
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Fig. 12. GBR Model accuracy plot

4.1.3 Random Forest Regressor

The authors used a metric named R-squared score. This measures the proportion of
the variance in the dependent variable (y_test) that is predictable from the independ-
ent variables (X_test). It indicates how well the model's predictions match the actual
target values. The R-squared score ranges between 0 and 1, where a higher value
indicates a better fit of the model to the data. In our case, the score was 0.83.

The authors performed training and evaluation of different regression models and then
compiled the results into a Data Frame for comparison. Table 2 describes the accura-
cy values.

Table 2. Accuracy values for 5 best Predictors

Sl. No. Model Accuracy
1 Linear Regression 0.9235671
2 Random Forest 0.9235671
3 Gradient Boosting 0.9703313
4 SVM -0.053583
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Gradient boosting regression has the highest accuracy, which is 92%. SVM shows
negative results because of categorical values. These results are unacceptable, as
we used a label encoder for absolute values.

4.1.4 Linear Regression using Conversion Method as Ordinal Encoding
Each unique category value is allocated an integer value in ordinal encoding. For
instance, regions are denoted by 0, 1, 2, and 3. This is referred to as ordinal or integer
encoding, and it is readily reversible. Often, integer values commencing at zero are
used. For certain variables, ordinal encoding may suffice. There is a natural ordering
between the integer values, and machine learning algorithms may be able to compre-
hend and exploit this ordering. Ordinal variables have a raw encoding. It imposes an
ordinal relationship on categorical variables where no such relationship exists. This
can pose issues, so a one-hot encoding may be an alternative.

415 Multiple Linear Regressor

Figure 13 provides a comprehensive overview of multiple linear regression, including
data preprocessing, model fitting, prediction, and visualization of the results. The
scatter plot with the regression line helps you assess the model's performance in pre-
dicting insurance charges.

Actual vs Predicted Insurance Charge
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O 10000 20000 30000 40000 50000

Actual Charge
Fig. 13. Multiple Linear Regression
4.1.6 LightGBM (LGB) Model
The R-squared score for LGB model as observed was 0.85. Figure 15 provides in-
sights into how well the LGB model's predictions match the true values. The scatter

plot helps to visually assess the quality of the predictions, and the calculated metrics
provide quantifiable performance indicators.
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Fig. 14. LGB model's predictions
So, in the scatter plot created by plt.scatter, the x-axis represents the values in y_test, and the y-
axis represents the values in y_pred1. Points falling close to this line indicate a strong positive
correlation between y_test and y_pred1.

4.1.7 RNN

Figure 15 plots the training and validation losses plotted on the y-axis and the number
of epochs plotted on the x-axis. The learning curve reveals how well the learning of
the model is and whether it is overfitting or underfitting. The scatter plot in Figure 16
allows a visual assessment of how well the model's predictions align with the true
values. Ideally, the points should fall close to a diagonal line, indicating a strong cor-
relation between the true and predicted values.

Model learning Curve Model Performance
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12000
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10000 20000 30000 40000 50000 60000
true cost

Fig. 15. RNN Model Learning Curve Fig. 16. RNN Model Performance

4.1.8 Predictions and Best Model

This plot in Figure 17 allows the visual comparison of the original and predicted in-
surance costs along the x-axis. It helps understand how well the model's predictions
align with the actual values across the dataset.
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insurance

Fig. 17. Comparison of the original and predicted insurance costs
Finally, the authors used a method named “GridSearchCV” to search for the best
hyperparameters for multiple regression algorithms and the method returned a data
frame with the best scores and parameters for each algorithm. Figure 18 summarizes
the accuracy values for the best 5 predictors.

86 83.44

78 76.59 76.59 76.59

74 71.21

Accuracy (%)

Linear Lasso Decision Ridge Random
Regression Regression  Tree  Regression Forest

ML model

Fig. 18. Accuracy values for 5 best Predictors

The bar plot in Figure 18 makes it evident that the Random Forest model, with an
accuracy of 83.44%, provides the most excellent match for estimating the costs relat-
ed to medical insurance. Later, the GBR model with 92% accuracy was developed.

5 Conclusion

A predictive model was developed using a dataset consisting of seven variables to
estimate the expenses associated with medical insurance. The features encompassed
all the relevant attributes necessary for forecasting insurance costs. In the implemen-
tation, various regression methods were employed in Python. We analyzed using Lin-
ear Regression, Decision Tree Regression, Lazy Predict, Interpret ML, Lasso Regres-
sion, Ridge Regression, Random Forest Regression, ElasticNet Regression, KNN,
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Support Vector Regression, K Nearest Neighbour Regression, and ANN Regression.
The evaluation of model performance involved the utilization of seven metrics: MSE,
RMSE, accuracy, MAE, MAPE, R-squared (R2), Adjusted R-Squared (Adj. R2), and
Explained Variance Score (EVS). Initially, we achieved accuracy at 97%, but we
identified it as faulty for the label encoder. Later, we had the GBR model with 92%
accuracy. The model can contribute to societal welfare for faster policymaking and
decision-making in medical insurance cost prediction. Future researchers can build
real-life projects in action because of this study.
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