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Healthcare insurance is a type of insurance policy that covers the risk of medical expenses during any
unfortunate crisis. Understanding the pattern in the insurance field is essential for improving policy
design, managing risks, and detecting fraud. This study provides a comprehensive comparison of logistic
regression with other machine learning models, such as decision tree and support vector machine, to
evaluate their effectiveness in predicting health insurance claims. Its performance, evaluated using
metrics like precision, recall, and F1 score, shows balanced results, though less robust than the decision
tree model. Logistic regression demonstrated balanced performance with an accuracy of 82% and superior
interpretability, making it valuable for actionable insights. While the decision tree model achieved the
highest accuracy (96%), its complexity, particularly in terms of interpretability and potential overfitting,
may limit its real-world applicability. By exploring the trade-offs between accuracy and interpretability,
this study provides insurers with practical guidance for optimizing operations, enhancing customer
service, and mitigating financial losses.
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Introduction

Insurance involves a contract between an individual or entity (the insured) and an insurance company
(the insurer). The insurer agrees to offer financial protection or reimbursement for specified losses or
damages outlined in the insurance policy under certain circumstances [1]. Insurance is a legal agreement
between an individual or entity, referred to as the insured, and an insurance company, known as the
insurer. The primary objective of insurance is to reduce the financial impact of unforeseen circumstances,
including accidents, illnesses, natural disasters, or death [2]. There are different kinds of insurance, such
as health, life, auto, and home insurance. Each type of insurance is tailored to provide protection against
specific risks [3].

Health insurance plays a crucial role in healthcare by offering financial security and enhancing the
availability of medical care [4]. Health coverage is a vital part of healthcare, offering financial security and
increasing the availability of medical services [2]. These insurance plans help ease the financial strain of
medical costs by paying for all or a portion of healthcare bills. This makes crucial treatments, procedures,
and medications more affordable for individuals and families. Additionally, health insurance provides
access to preventive care services like immunizations, screenings, and routine check-ups, which are
crucial for detecting and managing health issues early on [5]. Health insurance utilizes risk pooling to
distribute the financial risk among a larger group of people, which ultimately helps to reduce healthcare
costs for everyone [6]. Adhering to regulatory requirements frequently requires having health insurance,
which helps individuals support the healthcare system as a whole. This also helps decrease the burden on
healthcare providers and taxpayers caused by uncompensated care costs [4]. Affordable and inclusive
health insurance coverage is crucial for individuals who want to safeguard themselves from the potentially
steep expenses of medical care [5]. Health insurance policies generally require individuals to meet specific
eligibility criteria to qualify for coverage. These criteria can vary depending on the type of insurance plan,
the insurance company, and local regulations [3]. The qualifications for health insurance coverage
typically differ based on the type of insurance plan, the insurance provider, and local laws [2]. Insurance
eligibility criteria may be governed by regulations and laws at the national, state, or local level [4].

Logistic regression is a powerful statistical technique used for binary classification. It models the
relationship between input variables (features) and the probability of an event occurring. The output
variable in logistic regression is binary, making it suitable for scenarios like insurance claims [7]. Logistic
regression can be a useful statistical technique for identifying whether a person is likely to be eligible to
claim insurance or not. In the context of insurance eligibility, the dependent variable could represent
whether an individual successfully claims insurance (1) or not (0) [7].
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The objective of this research paper is to investigate the utility of logistic regression in predicting

insurance claims and assessing eligibility for health insurance coverage. Developing a predictive model

helps insurers optimize their operations, improve customer service, and mitigate financial losses by
identifying high-risk policies or customers early on. The performance of logistic regression models in

predicting insurance claims based on available predictors will also be evaluated. The study will investigate

the impact of different variables on the likelihood of making an insurance claim and assess the

significance of each predictor.

Methodology

Demonstrated methods to identify the fraudsters behaviors or
camouflage behaviors by computing the similarity between the
patient-level hospital admissions and constructing the similarity
graph and then clustering them to extract the semantic meaning of
each cluster through a graph-based density peak clustering
algorithm.

The studies highlighted the importance of understanding how
family coverage patterns affect children's access to healthcare
services. With significant shifts in the patterns of coverage in the
past decade, it is difficult to identify pattern between the family
coverage and the children’s insurance care.

The study illustrated how data mining and machine learning
models are capable of analyzing complex patterns in customer
retention and insurance claims, where traditional methods fall
short.

The paper highlights the key challenges researchers face when
using health insurance claims data for advanced data analyses,
such as coding irregularities, temporal changes in coding
practices, and missing information. The paper provides practical
solutions and recommendations to address these challenges,
such as grouping similar codes, analyzing temporal and provider
effects, and working closely with data partners to understand the
intricacies of the data. Authors emphasizes the importance of
standardizing the fusion of aggregated claims data to improve the
quality and replicability of research findings.

Authors developed an algorithm to estimate cancer incidence
rates using national health insurance claims data from 2005 to
2008. They identified incident cancer cases in 2008 as those
admitted to the hospital that year without a prior admission for the
same cancer diagnosis from 2005 to 2007. Compared the
incidence rates calculated from the claims data to the incidence
rates from the National Cancer Registry of Korea.

Used machine learning classification methods to identify claims
prone to rejection or denial. Investigated the reasons for claims
denial - Engineered features using Claim Adjustment Reason

Codes (CARCs) with high information gain. Developed a novel,

Key Findings Ref.

They noted that some fraudsters pretend to be

patients to get the insurance money. In recent

literature, such incidents are termed as camouflage.
Additionally, the authors noted that the healthcare
insurance data are heterogenous and longitudinal [8]
in nature. The fraudsters can take advantage of this

and can hide their activities in the vast data.

Moreover, the fraudsters' behavior keeps evolving,
making it difficult to predict and find patterns.

This study revealed that children of age group 2-27
years living with at least one parent were 73.6%
insured, whereas children living with both their
parents were 8.0% uninsured. The remaining
18.4% experienced discordant patterns of
coverage, where children and parents had different
insurance statuses. In comparison, during the same
period, approximately 82.9% of the overall U.S.
population was insured, while 17.1% remained
uninsured.

Handling and processing large volumes of
insurance claim data necessitate the use of
advanced computational tools. Machine learning
techniques have emerged as critical in processing
such data and extracting essential insights for
decision-making. The authors illustrated how data
mining and machine learning models are capable of
analyzing complex patterns in customer retention
and insurance claims, where traditional methods fall
short.

[10]

Authors made the use of data mining approaches

to analyze the insurance claims data. They used a
data-driven clustering approach to identify

homogeneous subgroups of services for a given [11]
condition. They used data analytics tools to extract
insights about comorbidities, treatment quality, and
disease progression within the identified clusters.

The incidence rate of all cancers found using
insurance claims data was very similar to the rate
found in the national cancer registry. The age-,
gender-, and disease-specific incidence rates were
also similar between the two data sources.
Insurance claims data can be a useful and cost-
effective resource for health services research if
appropriate algorithms are applied.

[12]

The study developed machine learning methods to
accurately identify healthcare claims that are prone
to denial or rejection. The study investigated the
reasons for claims denial and recommended
methods to engineer relevant features using

CARGCs to improve the accuracy of the machine (131
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state-of-the-art machine learning engine for automating and
containing claims denial risks

Used a publicly available Medicare dataset to classify providers as
fraudulent or non-fraudulent. Employed the Synthetic Minority

learning models. The machine learning approach
presented in the study is a novel, significant
advancement in the state of practice for automating
and containing healthcare claims denial risks.

The researchers were able to detect fraudulent
healthcare insurance claims using machine

Arunkumar
otal Over-sampling Technique (SMOTE) to address class imbalance in  learning algorithms. The researchers used SMOTE (4]
(202'1) the dataset. Utilized a hybrid approach combining clustering and to address the class imbalance problem in the data.
classification techniques. Tested multiple machine learning The researchers used a hybrid approach based on
algorithms to determine the most efficient one for the task clustering and classification to detect fraud.
Insurance fraud is a significant problem, costing the
industry over $40 billion annually. The stud
Used machine learning techniques to detect auto/vehicle y $ . y K Y
Roy and . ) focused on using machine learning techniques to
insurance fraud. Evaluated the performance of the machine o
George i K . . o detect auto/vehicle insurance fraud. The [15]
learning model using a confusion matrix to calculate metrics like i i
(2017) . performance of the machine learning models was
accuracy, precision, and recall . . -
evaluated using metrics like accuracy, precision,
and recall.
The study used a retrospective cohort design, analyzing a dataset The random forest model was the best performing
of healthcare claims to build machine learning models for fraud model, with an accuracy of 98.21%, and identifying
Nabrawi detection. The dataset was highly imbalanced, with most cases policy type, education, and age as the most
and labeled as fraud. The authors used the SMOTE technique to significant features contributing to healthcare fraud.
Alanazi balance the dataset. The authors used various evaluation metrics ~ The logistic regression and artificial neural network  [16]
Zi
(2023) to assess the reliability of the machine learning models, including  models also performed well, with accuracies of
accuracy, precision, recall, ROC, and AUC. The three machine 80.36% and 94.64%, respectively. All three models
learning models used were random forest, logistic regression, and demonstrated strong evaluation metrics, indicating
artificial neural networks. their effectiveness in detecting healthcare fraud.
The experimental results demonstrated the efficac
The study explored various machine learning models, including p i . . . Y
X i . . K of these machine learning models in making
Ramani et Random Forest Regression, Multiple Linear Regression, XGBoost L
. i . . e accurate predictions. The Random Forest model [17]
al. (2024)  Regression, Gradient Boosting Regression, and Decision Tree )
) ) ) ) achieved a remarkable 96.7% accuracy,
Regression, to predict health insurance claim amounts. i
outperforming the other models tested.
The study aimed to develop a machine learning tool
to help companies decide which employees should
receive insurance coverage, in order to save time
Used machine learning classification algorithms to predict health 9 K . .
Saraswat i i L . and resources. The study applied machine learning
insurance claims. Developed a tool to help organizations decide K o
etal. L . techniques to the problem of predicting health [18]
whether to provide insurance to employees. Detected insurance . . . .
(2023) insurance claims, which has not been extensively

fraud within the organization

explored before. The study's findings include the
ability to save time and resources for organizations,
as well as the potential to detect insurance fraud.

TABLE 1: Summary of Work Done on Insurance Claims and Healthcare Insurance Claims

AUC: Area Under the ROC Curve, ROC: Receiver Operator Characteristic

Machine learning and advanced data analysis methods have proven essential in addressing key challenges
within the insurance industry, such as fraud detection, claim prediction, and customer behavior analysis.
Researchers have employed diverse approaches, including clustering techniques, to identify unusual
patterns, predictive models for analyzing claims, and classifiers like random forests and decision trees for
enhanced accuracy. Strategies like dataset balancing and feature selection further optimize outcomes.
These advancements not only improve decision-making processes but also offer scalable and efficient
solutions to automate operations and reduce risks across various insurance applications (Table ).

This study addresses gaps in understanding health insurance claim prediction and eligibility assessment
by focusing on the utility of logistic regression. While previous research has explored various machine
learning methods for fraud detection or claim prediction, this study is unique in its emphasis on logistic
regression’s interpretability and practical applicability. By analyzing key predictors and their impact on
claim likelihood, the study provides actionable insights often overlooked in broader analyses. Unlike past
studies, which primarily prioritize model accuracy, this research investigates the statistical significance of
predictors and their real-world implications for operational efficiency, customer service, and risk
mitigation. Through its targeted approach, the study contributes to a deeper understanding of health
insurance claims, offering insurers reliable and interpretable tools to optimize decision-making and
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enhance financial stability.

The study aims to develop a predictive model that enables insurers to optimize operations, improve
customer service, and mitigate financial losses by identifying high-risk policies or customers early. The
performance of logistic regression will be assessed in terms of its accuracy, interpretability, and practical
application in insurance claim prediction. Additionally, the research investigates the statistical
significance and practical impact of key predictors on claim likelihood, providing actionable insights to
enhance decision-making in the insurance sector.

Materials And Methods

The initial step involves defining the issue and creating a hypothesis suggesting that demographic, health,
and lifestyle elements can be used to predict insurance claims. Subsequently, the dataset is collected and
preprocessed. This involves addressing missing data, encoding categorical variables, normalizing features,
and managing class imbalance through techniques such as Synthetic Minority Over-sampling Technique.
The dataset is then divided into five folds for cross-validation to ensure each fold is used as a test set once
and as part of the training set four times. Decision tree, logistic regression, and support vector machine
(SVM) models are trained on the training data, and their performance is evaluated on the test data using
metrics such as accuracy, precision, recall, F1 score, and the area under the receiver operating
characteristic curve (ROC-AUC) (Figure 7).

Identify Research
Problem

Review of Literature Data Collection
Formulate
Dataset
Hypothesis
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Research Design
Section Data Preprocessing
Test Train Train Train Test
Train Test Train Train Train
k - fold Data Partition k=5
Train Train Test Train Train
Train Train Train Test Train
Testing data Training data
Train Train Train Train Test
Decision Tree Logistic Regression SVM
Predicted Cl
Actual Class Values e i cad
Values
Interpretation &
Report
Reporting
Performance
Evaluation
Data Analysis

FIGURE 1: Workflow Description of Model Implementation

SVM: Support Vector Machine

The analysis focuses on comparing the performance of the models, identifying the most predictive
features, and addressing challenges related to small sample size and class imbalance. The final report
provides a summary of the methodology, preprocessing steps, model performance, and conclusions. It
aims to offer insights into predicting insurance claims and assist the insurance industry in identifying
high-risk individuals and enhancing health outcomes.

In this study, we applied a systematic methodology to analyze the dataset, identify key predictors, and
develop a logistic regression model for predicting health insurance claims based on eight parameters,
including age, BMI, smoking status, and medical costs. Our approach involved starting with the
preprocessing of the data, which included cleaning and transforming the data to remove any imbalance in
the dataset. We then delved deeper into the data by analyzing and then applying the model. Through this
process, we were able to identify key patterns and trends in the dataset regarding fraud and non-fraud
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activities that were not initially apparent.

The dataset used in this study, the "Sample Insurance Claim Prediction Dataset" from Kaggle, is a
synthetic dataset designed for research and educational purposes. It consists of 1,338 samples, and we
utilized all available data points for training and evaluation to ensure comprehensive model

assessment [19]. The dataset consists of nine columns, each providing unique insights into the
characteristics and behaviors of policyholders. It provides information on policyholders' characteristics,
including age, gender, BMI, average daily steps, number of children, smoking status, residential region,
and medical costs billed by health insurance. Derived from the "Medical Cost Personal Datasets," this
dataset has been updated with sample values for analysis, making it a comprehensive and reliable source.
This dataset offers an opportunity to explore the effectiveness of various techniques in overcoming these
obstacles and developing a reliable classification model to anticipate insurance claims accurately.

To ensure data accuracy, all columns have been appropriately identified with their respective data types:
integers for categorical variables (sex, children, smoker, region, insurance claim) and floats for continuous
variables (age, BMI, charges). Furthermore, no missing values are present in any of the columns, as
indicated by the output of df. isnull().sum() and df. notnull().sum(). Therefore, the dataset is complete and
does not require imputation or removal of missing values. The distribution of data and skewness of each
attribute have been examined. Age and sex exhibit minimal skewness, indicating relatively balanced
distributions. However, BMI, children, smoker, region, and insurance claim status show varying degrees of
skewness, which may require normalization or transformation during model training. The insurance claim
status (target variable) appears slightly imbalanced, with approximately 58.5% of policyholders claiming
insurance. Addressing class imbalance may be necessary during model training to prevent bias and
improve prediction accuracy.

The correlation matrix revealed values ranging from -1 to 1, indicating the strength and direction of
relationships between features. A weak positive correlation (0.3) between age and medical charges
suggests that medical expenses slightly increase with age, likely due to age-related health conditions. A
moderate positive correlation (0.79) between smoking status and medical charges highlights significantly
higher expenses for smokers, consistent with established health risks associated with smoking. A weak
negative correlation (-0.41) between the number of children and medical charges suggests that individuals
with more children tend to incur slightly lower medical expenses, possibly influenced by demographic
factors. A weak positive correlation (0.11) between age and insurance claim status indicates older
individuals are slightly more likely to file insurance claims. Negligible correlations (~0.05) were observed
for sex and region, suggesting minimal impact of these features on medical charges (Figure 2).

08
Correlation between features
age ©0.021 | 011 | 0042 | 0.025 | 0.0021 o1
‘ 06
sex { 0.021 0046 | 0017 | 0076 | 00046 ] 0057 | 0032
omi { 011 | 0046 0013 | 00038 0 038 fiheia
children { 0042 | 0017 | 0013 00077 | 0017 | 0068 | 041
-0.2
smoker {0.025 | 0076 | 0.0038 | 00077 £0.0022 0
region { 0.0021 | 0.0046 0017 10.0022 0.0062] 0021 -0.0
charges n 0057 0 0068 £0.0062 0
- --0.2
insuranceclam { 011 | 0032 EEL] 041 0 0021
¥ § FE § ¥ § &
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insuranceclaim

FIGURE 2: Correlation Matrix
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Logistic regression was chosen as a model because it aligns closely with the study’s objective of predicting
binary outcomes, whether an insurance claim will be made or not. Its simplicity and computational
efficiency make it a practical tool for real-world applications, particularly in the insurance domain.
Additionally, logistic regression is widely valued for its interpretability, as it provides clear coefficients
that indicate the influence of each predictor on the likelihood of an outcome. This makes it particularly
useful for deriving actionable insights, such as identifying key risk factors like age, BMI, or smoking status,
which are critical for insurers aiming to optimize operations and mitigate financial losses.

The decision tree model was included for its ability to capture non-linear relationships and interactions
among variables, which are often present in complex datasets like healthcare insurance. Decision trees
inherently perform feature selection during training, which simplifies the process of identifying
significant predictors. Moreover, the decision tree achieved the highest performance among the models
tested, with an accuracy of 95.52%, making it a strong candidate for predicting insurance claims. Its
interpretability and ease of use also make it a valuable addition for comparative purposes, providing a
clear understanding of how features influence the model’s decisions.

SVM was selected as a comparative model due to its robustness in handling high-dimensional data and its
ability to model non-linear decision boundaries using kernel functions. While SVM is generally effective
in many classification tasks, its performance in this study was limited, achieving an accuracy of only 66%.
This lower performance highlights the challenges SVM faces with imbalanced datasets, such as those seen
in insurance claims. Including SVM provided a useful benchmark against simpler models like logistic
regression and more adaptable models like decision trees, showcasing the strengths and weaknesses of
each approach.

The study employed several metrics to evaluate model performance comprehensively. Accuracy was used
to measure the proportion of correctly classified instances, providing an overall effectiveness score. To
address class imbalance, precision and recall were utilized to evaluate the reliability of positive
predictions and the model’s ability to identify actual claims, respectively. The F1 score, a harmonic mean
of precision and recall, offered a balanced metric for imbalanced datasets. ROC-AUC assessed the model’s
ability to distinguish between claim and non-claim classes, while the confusion matrix provided detailed
insights into true positives, false positives, true negatives, and false negatives.

Mathematically,

Precision: The ratio of true positives (correctly predicted instances) to the sum of true positives and false
positives (incorrectly predicted instances). It indicates the accuracy of positive predictions.

Precisi True Positive (1)
recision =
True Positive + False Positive

Recall: The ratio of true positives to the sum of true positives and false negatives (missed instances). It
indicates the ability of the model to find all the positive instances.

True Positive
Recall = 2
eca True Positive + False Negative 2)

F1 score: The harmonic mean of precision and recall, providing a balanced measure of both metrics. It is a
single metric that summarizes the model's performance.

Precision - Recall
Fy Score =2 Precision + Recall (3)

Support: The number of instances in each class, indicating how many instances belong to each class in the

dataset.
Support,.iive = True Positive + False Negative (4)
SUppPort,,eeaiive = True Negative + False Positive (5)

Accuracy: The proportion of correctly classified instances out of all instances. It measures the overall
performance of the model in correctly predicting class labels.

True Positive + True Negative

Accuracy =
Y True Positive + False Positive + True Negative + False Negative

(6)
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Model
Logistic Regression
Decision Tree

SVM

GridSearchCV was employed in the study to optimize the hyperparameters of the machine learning
models, including logistic regression, decision trees, and SVM. Hyperparameters, such as the
regularization parameter for logistic regression, maximum depth for decision trees, or kernel type for
SVM, significantly influence model performance. Instead of relying on default values, GridSearchCV
systematically searched through a predefined grid of hyperparameter combinations to identify the
configuration that maximized model performance.

Using cross-validation, GridSearchCV evaluated each combination of hyperparameters by splitting the
training data into multiple folds. This ensured that the selected hyperparameters generalized well to
unseen data, reducing the risk of overfitting or underfitting. By automating the tuning process,
GridSearchCV enabled the study to achieve optimal results, improving the predictive accuracy, precision,
recall, and overall robustness of the models.

Results

The model was implemented in this research using the scientific Python development environment on the
Anaconda platform, running on the Windows 10 operating system. To carry out the study, several libraries,
including NumPy, pandas, matplotlib, and sklearn, were utilized to develop the predictive model.

The evaluation of our models revealed clear differences in their predictive capabilities for health
insurance claims, with the decision tree model emerging as the most effective. It achieved the highest
performance across all metrics, with an accuracy of 96%, precision of 94%, recall of 99%, and an F1 score of
96%, showcasing its ability to handle the complexities of the dataset. The decision tree's strength lies in its
capacity to model non-linear relationships, capture feature interactions, and inherently perform feature
selection during training, making it well suited for tasks involving varied predictor relationships. In
contrast, logistic regression demonstrated balanced and reliable performance, with an accuracy of 82%,
precision of 81%, recall of 88%, and an F1 score of 85%, serving as a dependable baseline model. Its
interpretability allowed for actionable insights, such as identifying smoking status, BMI, and age as
significant predictors of claims, which is particularly valuable for insurers seeking to understand and
mitigate risks. However, logistic regression's linear nature limits its ability to capture complex interactions
among features, which the decision tree handles adeptly. SVM, on the other hand, performed the poorest,
with an accuracy of 66%, precision of 76%, recall of 59%, and an F1 score of 66%. Despite SVM's ability to
model non-linear decision boundaries, it struggled with the dataset’s class imbalance and feature
complexity, underscoring its limitations in this specific context without further optimization (Table 2).

Accuracy Precision Recall F1 Score
0.82 0.81 0.88 0.85
0.96 0.94 0.99 0.96
0.66 0.76 0.59 0.66

TABLE 2: Model Results Comparison

SVM: Support Vector Machine

A comparative analysis of the models highlights the decision tree’s dominance, particularly in datasets
requiring nuanced feature interactions and robust handling of imbalances. Similar trends have been
observed in other studies, where decision trees outperform other classifiers in handling complex
relationships within data. Meanwhile, logistic regression remains a practical choice due to its simplicity,
interpretability, and reasonable accuracy, making it suitable for real-world applications. SVM's lower
performance emphasizes the need for careful consideration of dataset characteristics, such as imbalance
and feature scaling, when selecting models. These results were achieved through a systematic
methodology that included data preprocessing, such as addressing missing values, encoding categorical
variables, and normalizing features. Hyperparameter tuning via GridSearchCV and five-fold cross-
validation further ensured that the models were rigorously optimized and evaluated. In conclusion, the
decision tree model proved to be the most effective for predicting health insurance claims in this study,
while logistic regression served as a robust and interpretable alternative, and SVM highlighted the
challenges of applying certain algorithms to imbalanced datasets. This comparative study underscores the
importance of selecting models based on dataset characteristics and project goals to ensure optimal
outcomes.
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Discussion

The decision tree model emerged as the most effective in this study, outperforming logistic regression and
SVM in predicting health insurance claims. With an accuracy of 96%, a recall of 99%, and an F1 score of
96%, it demonstrated its ability to handle the complexity of the dataset. The decision tree's inherent
feature selection and capacity to model non-linear relationships allowed it to capture significant
interactions among predictors, such as smoking status, BMI, and age, which are critical for understanding
claim likelihood. Additionally, its interpretability, simplicity in visualizing decision-making, and high
predictive power make it a reliable choice for health insurance claim prediction tasks.

In comparison, logistic regression offered balanced and interpretable results, with an accuracy of 82% and
an F1 score of 85%. While its linear nature limits its ability to model complex feature interactions, its
coefficients provided clear insights into the influence of predictors, such as the strong impact of smoking
on medical expenses. This interpretability is particularly valuable in operational scenarios where
understanding risk factors is as important as prediction accuracy. SVM, on the other hand, struggled with
the dataset's characteristics, achieving only 66% accuracy and showing limitations in handling class
imbalance and feature relationships, making it unsuitable for this specific application without significant
tuning.

Compared to existing research on health insurance claims, this study introduces key improvements and
addresses critical gaps. Previous studies often prioritized model accuracy, leveraging advanced machine
learning techniques such as random forests or ensemble methods, to achieve high predictive performance.
While effective, these models are often criticized for their lack of interpretability and the computational
cost associated with their implementation. By contrast, this research emphasizes both accuracy and
interpretability, combining the high predictive capability of the decision tree with the practical insights
provided by logistic regression. Unlike other studies that primarily focus on identifying fraud or claim
probability at a superficial level, this research delves deeper into understanding the statistical significance
and real-world implications of predictors, offering insurers actionable insights into optimizing their
operations.

Additionally, the methodology adopted in this study enhances the robustness of the results. Existing
research frequently employs simple data preprocessing or lacks comprehensive hyperparameter tuning,
which can lead to biased or suboptimal outcomes. This study overcame these challenges through rigorous
preprocessing steps, including handling categorical variables, balancing classes, and tuning
hyperparameters using GridSearchCV. These methodological improvements ensure that the models were
not only accurate but also generalizable to unseen data, a factor often overlooked in prior work.

In summary, the decision tree model's superior performance, combined with the structured and robust
approach of this study, positions it as the best choice for health insurance claim prediction. While existing
research has contributed valuable insights into the broader application of machine learning in insurance,
this study provides a more targeted and practical perspective by balancing predictive power with
interpretability. This dual focus on accuracy and actionable insights equips insurers with tools that are not
only effective but also aligned with real-world decision-making needs, ultimately improving financial
stability and customer satisfaction in the insurance industry.

Conclusions

In conclusion, this research emphasizes the decision tree model as the most effective approach for
predicting health insurance claims, showcasing exceptional performance with an accuracy of 96%, a recall
of 99%, and an F1 score of 96%. Its ability to handle complex interactions between key predictors, such as
smoking status, BMI, and age, while maintaining interpretability, makes it an ideal choice for insurers
looking to optimize their decision-making processes. While the decision tree excels in capturing non-
linear relationships, logistic regression remains valuable for its simplicity, efficiency, and interpretability,
offering clear insights into risk factors for transparent decision-making. This study not only highlights the
importance of model accuracy but also emphasizes the need for transparency and practical application in
real-world scenarios. By comparing multiple models, it offers a well-balanced trade-off between predictive
power and interpretability where decision trees provide high accuracy (96%) and feature importance
insights, while logistic regression offers a simpler, more interpretable approach suitable for operational
decision-making in the insurance industry. Moreover, the rigorous methodology adopted in this study,
including thorough preprocessing and hyperparameter tuning, ensures that the models are not only
accurate but also generalizable, paving the way for future advancements in health insurance claim
prediction. Ultimately, this work contributes valuable insights that can aid insurers in making informed
decisions, improving financial stability, and enhancing customer satisfaction.
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