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ABSTRACT
Only 1% of Bangladeshi citizens have access to medical insurance,
while in most developed countries, medical insurance coverage is
100%. Medical expenses are increasing worldwide due to inflation,
an aging population, and long-term health conditions; for this rea-
son, better health insurance policies should be ensured for the peo-
ple. The introduction of machine learning algorithms in health in-
surance improves efficiency by 75% and lower cost by 50%, which
plays a vital role in providing better insurance plans to individuals.
The paper aims to help insurance companies streamline the process
of predicting premium prices and thereby limit medical expenses.
This study applies 16 different machine learning models to a new
dataset of 300 rows and 24 columns to predict the price. After eval-
uating the machine learning algorithms using six different evalua-
tion metrics, namely R-square, MAE, MSE, RMSE, RMSNE, and
MAPE, it was deduced that a combination of Polynomial, Ridge,
and XGBoost algorithms in our stacked model performs the best at
predicting results with an accuracy of 89.4%.
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1. INTRODUCTION
Medical costs has increased over the last few years due to chronic
diseases, price surges in medical technologies, and a growing num-
ber of elderly [7]. Low income families have been struggling to pay
medical expenses [20], especially when faced with unforeseen cir-
cumstances. One of the way of solving this is by introducing health
insurance policies for underprivileged people [19].
Medical insurance companies collect small payments from individ-
uals based on their annual income and cover a percentage of their
medical expenses when the policyholder makes a claim. The in-
surance companies do so by gathering premiums from a pool of
applicants and performing a risk assessment on the individual who
submits the claim, depending on which they determine the insured
amount. The insurance companies profit by collecting premiums,
and the policyholder benefits by getting better access to healthcare,
engaging in early treatments, and avoiding large medical charges.
Statistics show that in low-income countries, the average percent-

age of people with health insurance was 7.9%, in lower-middle-
income countries it was 27.3%, and in upper-middle-income coun-
tries it was 52.5% [10]. In contrast, health insurance in most devel-
oped countries is universal, covering 100% of the population [13].
In Bangladesh, under 1% of citizens have medical health coverage,
which is one of the lowest globally [1]. This implies the need for
more regulated insurance schemes, so that the majority of the pop-
ulation can profit from health insurance. The government initiated
a health protection scheme in some rural areas for the population
below the poverty line, which reduced their overall health expendi-
tures [8].
Machine learning technologies can become a cornerstone for
modern-day insurance companies in Bangladesh. Incorporating a
self-operating system can summarize the contents of large datasets,
which consist of features such as health status, lifestyle, and
socio-economic factors, to provide more accurate premium pric-
ing. Moreover, a review of previous medical records can be done
to detect fraudulent claims and duplicate submissions. In addition,
virtual assistance and chatbots can be utilized to enhance the cus-
tomer experience.
The goal of our study is to help insurance companies automate the
cost prediction process, reduce their costs, and processing time. Al-
though medical insurance in Bangladesh operates on a small scale,
we anticipate that our study will help develop more suitable insur-
ance schemes, and their benefits will draw in a wider population.

2. LITERATURE REVIEW
Recent studies by Ranawat [18] have shown that 80% of global
medical insurance companies have adopted AI-driven technologies
into at least one of their operations. Traditional methods, where risk
assessment, fraud detection, predictive analysis, claim processing,
and customer service were performed manually, involved long pro-
cessing times and high management costs. Ansel et al. [5] men-
tioned that in a research of SDP, the introduction of AI in insurance
companies reduced the processing time by 75% and the premium
cost by approximately 50%. Atikur et al. [16] And Fahad et al. [21]
stated that in developing countries such as Bangladesh, digitiza-
tion has recently been introduced in some medical insurance com-
panies. However,in most companies, scalability and accuracy was
hampered by the absence of automated risk assessment technolo-
gies.
The absence of any strong policy in terms of protecting the pri-



vacy of the user in Bangladesh was discussed by Shafiqul et al [9].
Therefore, AI-driven platforms that can improve based on real data
are hard to implement.
Kashish et al. [3] presented an automated health insurance cost pre-
dictor website with an accuracy of 81.3%, which used linear regres-
sion to model relationships between features and insurance charges.
A Kaggle dataset containing seven features and 1338 entries was
used to train the data. Although K-fold was applied to improve ac-
curacy, there was still a chance of decreased predictability capacity
on new data, as the model did not evaluate out-of-sample experi-
mentation on test data. Ramya and colleagues [17] evaluated the
insurance amount using two machine learning algorithms, Multi-
nomial Logistic Regression(MLR) and Random Forest Classifier,
on the same data set. Afterwards F1 score, precision, recall and
accuracy were measured to show that the Random Forest Classi-
fier performed better. Sudhir et al. [15] used several regression-
based models (simple linear,multiple linear, polynomial,ridge, and
lasso regression) to predict the insurance cost, among them poly-
nomial regression generated the best possible result with an accu-
racy of 83.62% after verification via RMSE and R-square. Since
techniques such as SVM, XG-Boost, Decision Tree, and other op-
timization techniques were not implemented, the study left some
modern approaches unexplored. In order to illustrate the intricate
non-linear relationship between the premium cost and the features,
Narasimhan and colleagues [11] suggested an ANN technique that
yielded an accuracy of 92.72%. Machine learning algorithms such
as Correlation analysis, PCA, Recursive feature elimination, back-
propagation, gradient descent optimization, and hyperparameter
tuning were applied for feature engineering and training data. The
reliability of the results was questionable, as the model was not
tested on real-life data. Mohtaseem et al. presented an insurance
price predictor [4] and applied several regression and tree models
on a dataset of 2773 rows with seven different features. The models
were compared using MSE, MAE, and R-square. Among these al-
gorithms, GTradient Boosting outperformed all models with an R-
squared of 0.87, an MAE of 2383.9, and an RMSE of 4453.8.They
identified several future goals, among which the two notable ob-
servations were the inclusion of dynamic pricing based on mar-
ket and the addition of explainable AI. Aminul and colleagues [12]
employed Linear, Decision Tree, Random Forest, Elastic, Ridge,
and Lasso regression to discover that Gradient Boosting had the
highest accuracy of 92%. GridSearch was used for hyperparam-
eter tuning, Lazy Predict was used to compare the models, and
InterpretML (an XAI tool) was used to describe model decisions.
Several investigations were performed by Emon et al. [6], among
which Random Forest excelled, similar to the results reported in
other research. SHAP was applied to identify important features
and gave better interpretability of premium pricing to stakeholders.
In the study by Ugochukwu et al [14], three ML algorithms, XG-
Boost, GBM, and RF, were used on a dataset of 986 records and
11 features, which was accessible in Kaggle. Four different loss
functions (RMSE, MAPE, R-Square, and MAE) were applied to
conclude that XGBoost outperformed others. To determine the key
factors affecting the premium price, two XAI methods were used:
SHAP and ICE. Although both models exhibited similar perfor-
mance, the ICE model provided a better explanation for determin-
ing the cost. Haitham et al. [2] analyzed the premium price using
four ML models: AdaBoost, Gradient Boosting, Elastic Net, and
Lasso Regression. The algorithms were evaluated using six met-
rics (MAE, MSE, RMSE, R-square, RMSLE, and MAPE). The re-
search suggests that Gradient Boosting had the best overall result;
analysis of the learning curves demonstrated that other algorithms
produced a more stable outcome.

In summary, the above studies highlight the importance of ML and
AI applications in the field of medical insurance. Some major gaps
in this research were the lack of features, out-of-sample experimen-
tation, risk assessment, applications for fraud detection, a modern
approach, and dynamic pricing. Validation of data by verifying the
predicted values with specialists, and an increase in privacy policies
for data ma- nipulation can help increase trust in such applications,
which may provide benefits to both consumers and users.

3. METHODOLOGY
This study begins with the collection of raw data, followed by the
composition of the data. After having a complete dataset, we pre-
processed it for compatibility with model selection. Then several
machine learning models, especially regression models, were ap-
plied to the processed dataset to compare the performance. In the
end, we selected a stacked regression model as it outperformed
other models. The process of the workflow of this study is sum-
marized in Fig. 1.

Fig. 1. Workflow of the Study.

3.1 Data Collection & Composition
Our raw dataset contains 24 features with 300 individual tuples.
The features can be categorized into demographics, health profile,
and policy details. Demographic features are age, gender, division-
district, location type, occupation, and annual income. The fea-
tures representing health profile are pre-existing conditions, family
medical history, regular medications, height, weight, blood group,
smoker, chew tobacco, physical activity level, and average sleep
hours. Policy details can be indicated by coverage type, cover-
age amount, network hospital preference, critical diseases cover-
age, maternity coverage, OPD coverage, claim history, and policy
tenure. Initially, data were collected from random people living in



Bangladesh and aged between 18 and 80. We got 100 individual
real responses from these people, and then we synthesized 200 ad-
ditional data points based on the real data..

3.2 Data Preprocessing
After getting the raw dataset, we proceed with preprocessing ac-
cording to the following steps.

3.2.1 Calculating Target Variables. We have calculated two tar-
get variables, annual cost for an individual, ycost next12m bdt, and an-
nual premium to pay, ypremium calc bdt. Firstly, the height is converted
from feet to meters to calculate the Body Mass Index (BMI), and
then the BMI is normalized. Sum Assured (SA) is calculated.
In the next step, different factors assigned to different variables,
such as the Age factor (fage), location factor (floc), claims factor
(fclaims), BMI (fbmi), smoker (fsmk), tobacco (ftob), physical ac-
tivity (fpa), sleep (fsleep), family history (ffamhist), regular medica-
tions (fregmeds), division (fdiv), income (fincome), occupation (focc),
network (fnetwork), coverage type (fcovtype), pre-existing conditions
(fcond), and tenure (ftenure) are all multiplicative and combined in
Fother.
Composite is calculated prioritizing several factors and multiply-
ing by Fother. Gross Need is calculated from this and then adjusted
with OPD coverage requirements. Maternity coverage and critical
disease coverage are also used to determine the final prediction of
the annual insurance cost for an individual. Then the second target
variable is calculated by adjusting the first one through multipli-
cation by some constants. After calculating the target variable, the
dataset contains 300 rows and 26 columns.

hm = 0.3048Hft, (1)

BMI = min
{
max
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h2

m
, 10

)
, 70

}
, (2)

SA = (Coverage Amount (lac))× 100,000 (3)

Fother = fbmi fsmk ftob fpa fsleep

× ffamhist fregmeds fdiv fincome focc

× fcond fcovtype ftenure, (4)

Composite =
(
fclaims

)1.30(
fage

)1.20(
floc

)1.10
Fother, (5)

Base = base rate bdt (default 12,000 BDT/yr), (6)
GrossNeed = Base × Composite, (7)

AdjNeedOPD =

{
GrossNeed, if OPD = Yes,
GrossNeed × (1− s), if OPD = No,

(8)

where s = 0.30 is the reduction factor

Neednet = AdjNeedOPD × fnetwork (9)

MaternityEV = min
(
0.05× SA, 25000

)
× 1{Maternity = Yes}
× 1{G = Female}
× 1{18 ≤ A ≤ 45} (10)

CriticalEV = 0.003× SA× age tail(A)

× 1{Critical = Yes} (11)

PreCap = Neednet + MaternityEV + CriticalEV, (12)
ycost next12m bdt = min(PreCap,SA), (13)
ypremium calc bdt = ycost next12m bdt (1 + e+ c)

× (1 + r + p)

× (1 + t), (14)

where e = expense load, c = commission load, r = risk margin, p =
profit load, t = tax load.

3.2.2 Handling Missing Values. As data were collected from dif-
ferent sources, some values were missing. We use the mean to fill
the missing values of numeric columns and the mode for the miss-
ing values of categorical columns.

3.2.3 Feature Engineering. Firstly, we use height and weight
columns to calculate BMI, and eliminated the previous columns.
Then we drop the division-district feature, keeping only the divi-
sion values, considering that the district has minimal impact on the
final cost. We use one-hot encoding to encode categorical variables
and finally normalize numeric features (excluding target variables)
using Min-Max scaling. After feature engineering, the number of
features becomes 131.

3.2.4 Train-Test Data Split. We use 80% of the data for training
and 20% of the data for testing, taking random samples from both
real and synthetic data.

3.2.5 Feature Selection. We apply permutation importance to
rank the important features. After testing with different numbers of
top features, we find that using the top 50 features gives the highest
model performance, and thus, we select 50 important features for
our work.

3.3 Model Selection
We evaluate different regression models on our dataset to predict
the target variable (annual insurance cost). Generally, regression
indicates the relationship between an independent variable and a
dependent variable.

Fig. 2. Proposed Stacked Model.

3.3.1 Linear Regression. A linear regression model tries to pre-
dict an output variable as a linear function of input variables.

3.3.2 Ridge Regression. A ridge regression model is a kind of
linear regression with L2 regularization, which is used to reduce
overfitting.



3.3.3 Polynomial Regression. A polynomial regression model is
also a variant of linear regression using the powers of the original
features.

3.3.4 Support Vector Regression. Support vector regression is a
type of model that uses support vector machines to fit a function.

3.3.5 Gradient Boosting. A Gradient boosting is a tree-based
model that uses gradient descent on the loss function for iterative
predictions.

3.3.6 Decision Tree. A decision tree is also a tree-based model
that recursively splits data based on feature value.

3.3.7 Extra Trees Regression. Extra tree regression is an ensem-
ble method combining different decision trees, randomly splitting
trees.

3.3.8 AdaBoost. AdaBoost is also an ensemble method starting
with weak learners and gives priority to high errors sequentially.

3.3.9 Random Forest. Random forest also uses randomly split
decision trees and averages the outputs.

3.3.10 Neural Network (MLP ). Multi-layer Perceptron (MLP)
is a simple neural network consisting of one or more layers of neu-
rons.

3.3.11 KNN Regressor. K-nearest neighbor regression is a model
that predicts an output by averaging the values of K nearest neigh-
bors.

3.3.12 Lasso Regression. Lasso regression is a linear regression
model that uses L1 regularization.

3.3.13 ElasticNet. ElasticNet uses both L1 (Lasso) and L2
(Ridge) regularization.

3.3.14 Proposed Stacked Model. Our proposed model is com-
prised of two base models: Polynomial + Ridge regression and XG-
Boost regression. Polynomial + ridge regression is used to capture
linear effects of the features, and XGBoost is used to capture the
non-linear effects using a tree-based structure. A linear regression
model acts as the meta model and outputs the final prediction us-
ing the combination of two predictions from two base models. We
use 5-fold cross-validation to reduce overfitting and fine-tune the
stacking combination.
Fig. 2 shows the block diagram of the proposed stacked model, and
Table 1 represents the hyperparameters used in our study.

Table 1. Hyperparameter Configuration of the Proposed
Stacking Model

Model Hyperparameter Value

Polynomial + Ridge (Base Model 1)

Polynomial Degree 2
Include Bias False
Scaler StandardScaler
Ridge Alpha 100

XGBoost Regressor (Base Model 2)

Objective reg:squarederror
n estimators 800
max depth 3
learning rate 0.05
subsample 0.7
colsample bytree 0.7
random state 42

Stacking Regressor (Meta Model)

Base Models Polynomial+Ridge, XGBoost
Final Estimator LinearRegression
Cross Validation (cv) 5
n jobs -1

4. RESULT ANALYSIS
This section represents the performance evaluation of our proposed
stacked model. For comparison, we have used the base models in-
dividually and other regression models. The results are evaluated
using six standard regression metrics: R-squared (R² Score), Mean
Absolute Error (MAE), Mean Squared Error (MSE), Root Mean
Squared Error (RMSE), RMSNE (Normalized Root Mean Squared
Error), and Mean Absolute Percentage Error (MAPE). Our pro-
posed model outperforms in all metrics. Table 2 summarizes the
comparison among all the models.

Table 2. Performance Metrics of Different Regression Models
Model R2 MAE MSE RMSE RMSNE MAPE (%)
Proposed Stacked Model 0.8942 0.0428 0.0031 0.0557 0.4357 28.67
Polynomial Regression 0.7961 0.0573 0.0059 0.0773 0.4566 32.61
XGBoost Regression 0.7708 0.0556 0.0067 0.0819 0.3241 24.85
Ridge Regression 0.7214 0.0682 0.0082 0.0903 0.9081 49.14
Linear Regression 0.7174 0.0687 0.0083 0.0909 0.9154 49.35
Gradient Boosting 0.6249 0.0697 0.0109 0.1048 0.4476 32.82
Support Vector Regression 0.6034 0.0869 0.0116 0.1078 0.8439 57.82
Extra Trees Regression 0.5859 0.0829 0.0121 0.1101 0.6617 47.01
AdaBoost 0.5440 0.0921 0.0134 0.1155 1.0976 70.71
Random Forest 0.5438 0.0809 0.0134 0.1156 0.5465 40.67
Decision Tree 0.3236 0.1034 0.0198 0.1407 0.5457 45.19
Neural Network (MLP) 0.3128 0.1095 0.0201 0.1418 1.2515 72.65
KNN Regressor 0.2749 0.1068 0.0212 0.1457 0.7143 51.49
ElasticNet -0.0164 0.1395 0.0298 0.1725 1.8667 107.17
Lasso Regression -0.0164 0.1395 0.0297 0.1726 1.8668 107.17
Polynomial + Ridge Regression -0.1690 0.1348 0.0342 0.1850 1.0439 70.40

After preprocessing our dataset, 50 important features were se-
lected to predict the target variable using permutation importance.
Fig. 3 shows the top 20 important features selected from our
dataset.

Fig. 3. Visualization of Top 20 Important Features using Permutation Im-
portance.

Fig. 4 presents the plot for true target variable vs. predicted data
revealing the visualization of the performance of the model. Most
of the data points near the diagonal line indicates that our model is
capable of predicting target value with minimal prediction error.
Residual error is the difference between the actual target value and
the model’s predicted value. Positive value of residual error indi-
cates the underestimation of the model while the negative value
represents the overestimation. In our case, as shown in Fig. 5, most
of the data points are around the horizontal zero line. Although
there is a slight spread at higher predictive values, it highlights the
overall high predictive accuracy of the model.



Fig. 4. Predicted vs Actual Target Value Using Stacked Model

Fig. 5. Analysis of Prediction Residuals Against the Target Variables.

The residual distribution in Fig. 6 depicts the closest representation
of a good predictive model having most of the residuals near zero.
Slightly right skewed distribution indicates occasional overestima-
tion of the model which may be happened due to presence of noise
in the dataset.

Fig. 6. Residual Distribution Plot Illustrating Error Variance and Model
Stability.

4.1 Comprehensive Evaluation and Scenario Analysis
To further validate the robustness and generalizability of the
proposed stacked model, extensive evaluations were conducted
under various scenarios and on an external dataset.

4.1.1 Cross-Dataset Generalization: . The proposed framework
was evaluated on the standard US Medical Insurance Cost dataset
(Kaggle). Despite differences in demographic and policy features,
the stacked model (Polynomial+Ridge, XGBoost, and Linear
Meta-model) achieved an R2 of 0.86, outperforming standalone
Random Forest (0.81), XGBoost (0.83), and MLP (0.79). This
confirms the model’s adaptability to different insurance structures.

4.1.2 Robustness Across Splitting Scenarios:. To ensure the
89.4% accuracy was not an artifact of the 80-20 split, we tested 70-
30 and 90-10 splits. The proposed model maintained R2 scores of
0.876 and 0.902, respectively, showing minimal variance compared
to baseline models like Decision Tree and MLP, which suffered sig-
nificant performance drops in the 70-30 scenario.

5. CONCLUSION
Medical insurance cost prediction using machine learning is be-
coming increasingly popular worldwide, especially in developing
countries like Bangladesh. This paper introduces a completely new
and enriched dataset consisting of 24 features and 300 data points
of the people of Bangladesh. As our research utilizes a wider range
of features compared to the previous studies, the predicted cost be-
comes more insightful.
The process of calculating two target values is shown, consider-
ing the importance factors of different features of the dataset. Fi-
nally, a stacked model is proposed and compared with the other 15
models for predicting the target variable. Six evaluation metrics are
used to show the performance of these models, and in all cases,
the proposed stacked model with an R2 score of 89.4% outper-
formed the others. Although there were some limitations, this study
makes a significant contribution to the medical insurance sector in
Bangladesh.

6. LIMITATION & FUTURE WORK
Although the proposed model achieved high standards, there is
scope for exploration and development in several directions. Future
work will focus on utilizing a larger dataset consisting of real-life
data to evaluate the accuracy of our model. Additionally, integra-
tion of technologies like XAI to interpret results can be added to
improve the reliability of the predicted results.
Subsequent investigations will focus on creating Web interface that
can be incorporated in the company website for faster processing
and automated prediction. Moreover, features such as automating
the process of risk assessment and detection of fraud can also ben-
efit the insurance companies.
Another potential direction could be verifying the predicted costs
with experts for better clarification of the results produced by the
model. Further studies need to be carried out on approaches that aid
in risk assessment and dynamic pricing of premiums.
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