
Journal of Global Research in Multidisciplinary Studies (JGRMS) 
Volume 2 | Issue 10 | October 2026 | Pages 09–15 

DOI: https://doi.org/xxxxxxxxxxxxx 

e-ISSN: 3049-2963 

RESEARCH ARTICLE OPEN ACCESS Available online: https://saanvipublications.com/journals/index.php/jgrms 
 

 

 

Copyright © 2026 The Author(s). 

This is an open access article distributed under the terms of the Creative Commons Attribution 4.0 International (CC BY 4.0) License 
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, adaptation, and reproduction in any medium, provided the original 

author(s) and the source are properly credited.  9 

 

Machine Learning-Based Insurance Claim 

Prediction Using Demographic and Health Factors 

Ms. Shivani Jain 

Assistant Professor 

Department of Computer Science and Applications 

Mandsaur 

madhav.sharma@meu.edu.in 

 

Corresponding Author: * Shivani Jain (madhav.sharma@meu.edu.in) 

Received: 25 September, 2026 | Revised: 3 October 2026 | Accepted: 08 October 2026 

 
Abstract—In today’s healthcare environment, the increasing 

cost of medical treatment, medicines, and hospitalization has 

created significant financial challenges for individuals and 

families. Health insurance offers financial security by covering 

qualified medical expenditures and facilitating access to critical 

healthcare services. However, the growing volume of insurance 

claims and variations in demographic and health conditions 

require efficient and accurate approaches for Claim Prediction 

and decision-making. This study uses the Insurance Claim 

Analysis: Demographic and Health Dataset, which has 1,340 

records and 11 characteristics, to offer a machine learning-

based method for forecasting health insurance claims. The data 

were preprocessed through missing-value handling, duplicate 

removal, noise reduction, label encoding, SMOTE-based 

balancing, Min–Max normalization, and stratified data 

splitting. The proposed Light Gradient Boosting Machine (Light 

GBM) model was trained using demographic and health-related 

features and evaluated using accuracy, precision, recall, and F1-

score. The proposed model achieved 98.8% accuracy, 98.9% 

precision, 98.6% recall, and 98.7% F1-score, demonstrating its 

effectiveness for insurance claim prediction. The outcomes 

indicate that the proposed approach can support accurate and 

efficient analysis of health insurance claims and facilitate data-

driven decision-making in insurance applications. 

Keywords—Health Insurance, Insurance Claim Prediction, 

Machine Learning, Predictive Analytics, Cost Forecasting, 

Healthcare Risk Assessment, Data Mining. 

I. INTRODUCTION 

Healthcare is a fundamental component of human well-
being, yet access to affordable medical treatment remains a 
challenge due to rising healthcare expenses. Health insurance 
protects individuals from unexpected financial burdens by 
covering hospitalization, medications, diagnostic procedures, 
and medical treatments [1][2]. However, policyholders may 
face complex policy conditions, variations in hospital charges, 
lengthy claim procedures, processing delays, and uncertainty 
regarding claim amounts. Therefore, accurate insurance claim 
prediction is essential for improving transparency, financial 
planning, and risk management [3][4][5][6]. 

The increasing number of insured individuals and 
healthcare claims has made accurate claim estimation an 
important requirement for insurance companies [7][8]. 
Traditional approaches rely mainly on statistical techniques 
and historical claim analysis, but insurance claim amounts are 
influenced by multiple interacting factors. Age, gender, BMI, 
Smoking Habits, number of dependents, occupation, 
Residential Area, and medical conditions can significantly 
affect healthcare expenditure. Considering demographic and 
health-related factors together can therefore provide a more 
comprehensive representation of insurance risk and expected 
claim amounts [9][10]. 

Accurate claim prediction can benefit both policyholders 
and insurance providers by supporting financial forecasting, 
resource allocation, risk assessment, premium planning, and 
efficient claim management. It can also help identify unusual 
claim patterns and reduce potential financial losses. However, 
the complex relationships among demographic characteristics, 
Health Conditions, lifestyle factors, and medical expenses 
make conventional approaches less effective in capturing 
nonlinear patterns [11][12][13][14]. Hence, data-driven 
approaches are required to learn meaningful relationships 
from historical insurance and healthcare data [15][16]. 

ML and DL have emerged as powerful data-driven 
approaches for addressing the complexities of insurance claim 
prediction by learning hidden patterns and nonlinear 
relationships from large healthcare datasets [17][18]. ML 
techniques can analyze demographic, medical, lifestyle, and 
historical claim information to estimate claim amounts, assess 
risk, identify important influencing factors, and improve 
prediction accuracy [19]. DL further enhances predictive 
capability by automatically learning complex feature 
interactions and high-dimensional relationships from 
healthcare data [20][21]. Therefore, the proposed Machine 
Learning-Based Insurance Claim Prediction Using 
Demographic and Health Factors focuses on utilizing 
demographic and health attributes to develop an effective 
predictive framework for accurate insurance claim estimation 
and risk assessment. 
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A. Motivation and Contribution 

The motivation for this study is the growing need for 
accurate and efficient insurance claim prediction, driven by 
rising healthcare costs and claim complexity. The analysis of 
demographic and health-related factors is important as they 
strongly affect healthcare costs and the outcome of insurance 
claims. Traditional approaches may struggle to capture the 
complicated interactions that these elements might have. As 
such, an ML approach is investigated to enhance reliable 
claim prediction, risk assessment and effective insurance 
administration. This research offers several key contributions 
as listed below: 

• Utilizes demographic and health-related factors for 
insurance claim prediction. 

• Performs data preprocessing, including cleaning, 
encoding, normalization, and duplicate removal. 

• Applies SMOTE to address Class Imbalance and 
improve representation of minority claim categories. 

• Develops a Light Gradient Boosting Machine (Light 
GBM) model for insurance claim classification. 

• Evaluates the model using accuracy, precision, recall, 
F1-score, and ROC-AUC. 

• Provides a data-driven approach to support efficient 
and accurate insurance claim analysis. 

B. Justification and Novelty 

Accurate insurance claim prediction is essential for 
supporting efficient and consistent decision-making in 
insurance services. Demographic and health-related attributes 
are used in the study to uncover meaningful patterns related to 
claim outcomes. To handle class imbalance, SMOTE is used, 
and to capture complex relationships among the input 
features, Light GBM is used. The novelty is the combination 
of systematic preprocessing, class balancing, and Light GBM 
in a single framework for reliable insurance claim prediction. 

C. Paper Organization 

The remainder of this paper is structured as follows: 
Section II discusses existing studies related to insurance claim 
prediction based on demographic and health factors. Section 
III describes the dataset, preprocessing techniques, and 
proposed Light GBM model implementation. Section IV 
presents the experimental findings and comparative 
performance analysis. Finally, Section V summarizes the 
major outcomes of the study and outlines potential directions 
for future research. 

II. LITERATURE REVIEW 

The literature review examines the growing use of ML in 
insurance claim classification, cost prediction, feature 
analysis, and automated decision support, leveraging diverse 
health-related factors. 

Rao et al. (2026) present a unified machine learning 
framework for insurance claim classification and claim 
amount prediction using integrated health and motor 
insurance data. The approach employs Random Forest, 
XGBoost, and a stacking classifier with preprocessing and 
feature standardization. To address class imbalance, SMOTE-
equivalent manual oversampling is applied only to training 
data. Without oversampling, the model achieves 93% 
accuracy but limited claim detection recall. After 
oversampling, minority claim recall improves while 
maintaining competitive accuracy of 91% [22]. 

Mohan et al. (2025) aim to estimate health insurance claim 
costs using ML based on Health Risk factors, including age, 
sex, BMI, smoking status, and city. A Kaggle health insurance 
dataset is used to benchmark different algorithms through data 
preprocessing, feature engineering, model selection, R², and 
Mean Absolute Error. The outcomes showed that 
RF performed the best among the evaluated models, with 
96.7% accuracy, owing to its capacity to represent 
complicated interactions [23]. 

Ramani et al. (2024) developed an appropriate ML model 
for forecasting insurance claim amounts and calculating 
individuals’ out-of-pocket expenses. The study evaluates 
RFR, MLR, XGBoost Regression, GBR, and DTR for health 
insurance claim prediction. Experimental results 
demonstrated accurate predictions, with Random Forest 
achieving 96.7% accuracy compared with the other models 
[24]. 

Sharma and Jeya (2024) examine factors including age, 
sex, BMI, smoking, and number of children to predict health 
insurance costs. Linear regression is used to analyze the 
relationship between these factors and insurance costs. The 
dataset was partitioned with 70% for training, achieving 
81.3% accuracy. The study provides insights into post-
COVID-19 health insurance spending and supports healthcare 
cost forecasting and policy decision-making [25]. 

K et al. (2023) propose a machine learning solution for 
health insurance claims by identifying key data sources, 
examining healthcare data properties, and analyzing feature 
patterns through univariate and bivariate analysis. Data 
visualization is used to identify impactful features. After 
preprocessing, four algorithms—LR, RF, DTC, and Naive 
Bayes—are compared. The Decision Tree Classifier achieved 
the highest accuracy of 97.03% [26]. 

Vijayalakshmi, Selvakumar and Panimalar, (2023) used a 
dataset with 24 features, including all relevant attributes 
needed for prediction of insurance cost. The implementation 
done using regression algorithms such as Linear Regression, 
DTR, Lasso Regression, Ridge Regression, RFR, Elastic Net 
Regression, Support Vector Regression, K Nearest Neighbor 
Regression and Neural Network Regression in R 
Programming. There were seven metrics applied to measure 
the performance of the model, namely MSE, RMSE, MAE, 
Mean Absolute Percentage Error (MAPE), R-Squared (R2), 
Adjusted R-Squared (Adj. R2), and Explained Variance Score 
(EVS). Random Forest Regression outperformed with 0.9533 
as RS quired value. This prediction system will reduce manual 
work and give the prediction accurately in medical field [27]. 

Recent studies demonstrate that machine learning can 
effectively support insurance claim classification and cost 
prediction using demographic, health, and behavioral factors. 
RF, DT, XGBoost, and regression-based models have 
achieved strong predictive performance across different 
datasets. However, existing research generally focuses on 
either claim classification or cost estimation separately, 
limiting integrated analysis of insurance-related outcomes. 
Several studies also provide limited consideration of class 
imbalance, feature interactions, model interpretability, and 
robust evaluation across diverse claimant characteristics. 
These shortcomings highlight the need for an all-
encompassing prediction framework that enhances accurate 
and understandable insurance claim prediction by including 
pertinent demographic and health variables. Table I 
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summarizes the reviewed studies, datasets, algorithms, 
evaluation approaches, and reported findings 

TABLE I.  RECENT RESEARCH ON HEALTH AND DEMOGRAPHIC FACTORS IN INSURANCE CLAIM PREDICTION 

Author Proposed Work Dataset  Key Findings Limitations & Future Work 

Rao et al. 
(2026) 

Develops a unified ML framework 
for insurance claim classification and 

claim-amount prediction using 

Random Forest, XGBoost, and 
stacking. 

Integrated 
health and 

motor 

insurance data 

Accuracy was 93% without 
oversampling and 91% after 

oversampling, with improved 

minority-class recall. 

Combines health and motor insurance 
and emphasizes class imbalance; 

demographic and health-specific 

predictors are not the central focus. 

Mohan et al. 

(2025) 

Predicts health insurance claim costs 

using ML based on age, sex, BMI, 
smoking status, and city. 

Kaggle health 

insurance 
dataset 

Random Forest achieved 96.7% 

accuracy, demonstrating the 
usefulness of demographic and 

health-risk factors for insurance-

cost prediction. 

Uses a relatively conventional dataset and 

focuses mainly on cost forecasting. 
Future work can investigate additional 

health and demographic variables and 

advanced models. 

Ramani et al. 

(2024) 

Predicts health insurance claim 

amounts using Random Forest 

Regression, Multiple Linear 
Regression, XGBoost Regression, 

Gradient Boosting, and Decision Tree 

Regression. 

Health 

insurance 

claim dataset 

Random Forest achieved 

approximately 96.7% accuracy 

and showed strong capability for 
claim-amount prediction. 

Primarily addresses claim amount rather 

than claim occurrence/classification and 

may not fully exploit demographic-health 
interactions. 

Sharma & 
Jeya (2024) 

Uses Linear Regression to predict 
health insurance costs from age, sex, 

BMI, smoking status, and number of 

children. 

Health 
insurance 

dataset 

Reported 81.3% accuracy using a 
70% training split and highlighted 

relationships between 

demographic/health variables and 
insurance costs. 

Linear regression may not capture 
complex nonlinear relationships; future 

research can evaluate ensemble and deep-

learning methods. 

K et al. 

(2023) 

Applies Logistic Regression, 

Random Forest, Decision Tree, and 
Naive Bayes for health insurance 

claim analysis and classification. 

Health 

insurance 
claims dataset 

Decision Tree achieved the 

highest reported accuracy of 
97.03%. 

Limited model diversity and 

comparatively limited exploration of 
advanced feature engineering and 

explainability. 

Vijayalaksh

mi, 
Selvakumar 

& Panimalar 

(2023) 

Predicts insurance costs using 

multiple regression and ML models, 
including Linear Regression, 

Random Forest, SVR, KNN, and 

Neural Network Regression. 

Insurance-cost 

dataset with 24 
features 

Random Forest Regression 

achieved an R² of 0.9533, 
outperforming the other 

regression models. 

Focuses on cost prediction rather than 

claim classification; future work could 
integrate richer demographic and health 

information. 

Research Gaps: Existing studies have mainly focused on 
insurance, claim-cost estimation, or general claim 
classification using different ML techniques. Limited research 
has explored the combined influence of demographic and 
health-related factors for multi-class insurance claim 

prediction. The effects of class imbalance and systematic 
preprocessing on claim classification have also received 
comparatively less attention. Therefore, an integrated 
approach using data balancing and Light GBM is required to 
improve insurance claim prediction and risk analysis. 

 

Fig. 1. Proposed Workflow for Machine Learning-Based Insurance Claim Prediction Using Demographic Factors 

III. RESEARCH METHODOLOGY  

The proposed methodology starts with data cleaning, label 
encoding, class balancing using SMOTE, Min–Max 
normalization, and an 80–20 stratified split. The preprocessed 
Insurance Claim Analysis: Demographic and Health Dataset 
is used to train the Light Gradient Boosting Machine (Light 
GBM) model for insurance claim prediction based on 
demographic and health-related attributes. The model 
performance is evaluated using accuracy, precision, recall, 
F1score, Confusion Matrix, and ROC-AUC to assess its 
classification effectiveness. Fig.1 shows the proposed 
workflow for predicting insurance claims from demography 
and health aspects using machine learning techniques. 

The following section describes each stage of the proposed 
methodology in detail: 

A. Data Collection and Exploration 

The study utilizes the Insurance Claim Analysis: 
Demographic and Health Dataset, comprising 1,340 records 
and 11 attributes, to analyze insurance claims based on 
demographic and health-related factors. The dataset includes 
relevant personal, demographic, and health information for 
predicting insurance claim outcomes using machine learning 
techniques. Data visualizations such as bar plots and heatmaps 
were used to examine claim distribution and feature 
correlations, as shown below: 

Insurance Claim Analysis: 
Demographic and Health Dataset 

Data Cleaning  

• Missing Data 

Treatment 

• Duplicate Record 

• Removal Outlier  

• Label Encoding 

Min-Max 

Normalization 

Data balancing using 

SMOTE 

Data splitting 

Training  

Testing  Implement Light Gradient 

Boosting Machine 

(LightGBM) model 

Model evaluation such as – 

Accuracy, Precision Recall, F1-

score, ROC-AUC 
 

Results  

Data Pre-processing 
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Fig. 2 shows the distribution of three types of claims: 
"Low", "Medium", and "High". The vast majority of the 
records are in the "Low" category, which overwhelmingly 
dominates with a number of almost 1200. The “Medium” 
category is drastically lower, at about 150 instances. 
Meanwhile, the "High" category is nearly non-existent with a 
negligible count close to zero, highlighting a strongly skewed 
dataset. 

 

Fig. 2. Bar Graph of Class Distribution 

 

Fig. 3. Correlation Matrix Heatmap 

Fig. 3 illustrates the linear relationships among numerical 
attributes in the dataset, with values ranging from -0.06 to 
1.00. There is a strong positive correlation (0.88) between 
claim and both index and Patient ID and a moderate 
correlation (0.53) between claim and blood pressure. On the 
other hand, there are no significant non-zero correlations 
between the variables for age and children. Overall, the main 
features linked to the claim values are blood pressure, index, 
and Patient ID. 

B. Data Pre-Processing 

The Insurance Claim Analysis: Demographic and Health 
dataset was prepared through a systematic process of data 
integration, cleaning, and feature transformation. The 
preprocessing stage involved treating missing values, 
removing duplicate and irrelevant records, eliminating 
outliers, applying label encoding to categorical attributes, and 
normalizing numerical features. The key preprocessing steps 
adopted in this study are outlined below: 

C. Data Cleaning 

Data cleaning was performed by identifying and removing 
missing values, incomplete records, and duplicate entries to 
maintain dataset consistency and reliability. Outliers were 

detected and removed to minimize the influence of abnormal 
observations on the analysis. These cleaning steps improved 
data quality and supported more accurate and reliable ML 
model performance. 

D. Label Encoding 

All categorical variables were converted into numerical 
representations using label encoding, making them 
compatible with ML algorithms. This transformation enabled 
the model to process categorical attributes efficiently while 
preserving their class-wise distinctions. 

E. Min-Max Normalization 

The numerical features were normalized using the Min–
Max scaling method, which transforms the values to a range 
of 0 to 1. This scaling helps maintain a consistent feature range 
and improves the efficiency of the classification process. The 
normalization is expressed by the following mathematical 
Equation (1): 

 𝑋′ =
𝑋− 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛
 () 

where X represents the original value of the feature, 𝑋′ 

is the normalized value, 𝑋𝑚𝑖𝑛  is the minimum value of the 
feature, and 𝑋𝑚𝑎𝑥  is the maximum value of the same 

F. Data Balancing Using SMOTE 

Data balancing is an important preprocessing step used to 
reduce class imbalance and ensure that each class is 
adequately represented during model training. In this study, 
SMOTE was applied to generate synthetic instances for the 
minority class. SMOTE identifies the nearest neighboring 
minority samples and creates new instances by interpolating 
between them, thereby increasing minority-class 
representation and producing a more balanced dataset for 
reliable model training. 

 

Fig. 4. Bar Graph of Class Distribution After SMOTE 

Fig. 4 illustrates the balanced distribution of the claim type 
variable following the application of SMOTE oversampling. 
The frequency of all three categories "Low", "Medium" and 
"High" has been equalized by synthesizing artificial samples 
for the minority classes, with 1,180 instances in each category. 
This change eliminates the initial class imbalance in the 
dataset and ensures that each class has a similar data structure, 
improving the model's learning performance. 

G. Data Splitting 

The dataset was split into training and testing sets using an 
80:20 stratified ratio, preserving the original class distribution 
in both subsets. 
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H. Proposed Light Gradient Boosting Machine (Lightgbm) 

Model 

This study proposes a supervised ML approach based on 
the Light Gradient Boosting Machine (Light GBM) for 
forecasting insurance claims using demographic and health-
related factors. Light GBM is a gradient boosting framework 
that builds an ensemble of DT sequentially, where each new 
tree focuses on reducing the errors made by the previous trees. 
The prediction of the Light GBM model is obtained by 
combining the outputs of multiple weak learners, represented 
by Equation (2): 

 𝑦̂𝑖 = ∑ 𝑓𝑘(𝑥𝑖),          𝑓𝑘 ∈ 𝐹𝐾
𝑘=1  () 

where 𝑦̂𝑖 represents the predicted output, K is the number 
of trees, 𝑥𝑖  is the input feature vector, and  𝑓𝑘 denotes the kth 
decision tree. The model parameters are optimized by 
minimizing an objective function consisting of the training 
loss and a regularization term, as expressed in Equation (3): 

 ℒ = ∑ 𝑙(𝑦𝑖 , 𝑦̂𝑖)𝑛
𝑖=1 + ∑ 𝛺(𝑓𝑘)𝐾

𝑘=1  () 

where 𝑙(𝑦𝑖 , 𝑦̂𝑖) is the loss between the actual and predicted 
values, while 𝛺(𝑓𝑘)  controls model complexity to reduce 
overfitting. LightGBM employs an efficient leaf-wise tree 
growth strategy and histogram-based learning, which enables 
fast training and effective handling of large and high-
dimensional datasets. The final prediction is obtained by 
aggregating the learned tree outputs, making LightGBM 
suitable for intelligent recruitment classification and hiring-
decision prediction tasks. The proposed LightGBM model 
was configured with 200 estimators, a learning rate of 0.05, 
and a maximum tree depth of 10 to provide effective 
classification. The model used 31 leaves, a minimum of 20 
samples per leaf, and feature fraction of 0.8 for controlled tree 
growth and improved generalization. Additionally, bagging 
fraction was set to 0.8, bagging frequency to 5, and random 
state to 42 to ensure stable and reproducible training. 

I. Evaluation Metrics 

The performance of the proposed model was evaluated 
using several standard classification metrics. A confusion 
matrix was generated to present the classification outcomes by 
indicating the numbers of correctly and incorrectly predicted 
instances for each class. The matrix was utilized to determine 
the True Positives (TP), False Positives (FP), True Negatives 
(TN), and False Negatives (FN). These values were 
subsequently used to calculate accuracy, precision, recall, and 
F1-score, as presented below: 

Accuracy: The fraction of occurrences that were properly 
categorized relative to all instances. It is a measure of how 
well the model predicts class labels as a whole. It is given as 
Equation (4) 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑝+𝑇𝑁+𝐹𝑁
 () 

Precision: The proportion of true positives (instances that 
were successfully predicted) to the total of false positives 
(instances that were mistakenly forecasted). It measures the 
accuracy of optimistic forecasts. How good the classifier is in 
predicting the positive classes is expressed as Equation (5) 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 () 

Recall: The proportion of true positives to the total of false 
negatives (missed cases). It shows that the model can identify 
every positive case. In mathematical form it is given as 
Equation (6) 

 𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 () 

F1 score: The harmonic mean of perc and rec provides a 
balanced estimate of both measurements. It is a single statistic 
that describes the model's performance. Mathematically, it is 
given as Equation (7) 

 𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 (7) 

Receiver Operating Characteristic Curve (ROC): The 
ROC curve graphically illustrates the model’s classification 
performance across different decision thresholds by plotting 
the True Positive Rate (TPR) against the False Positive Rate 
(FPR). TPR, also known as sensitivity or recall, represents the 
proportion of positive instances correctly identified, whereas 
FPR denotes the proportion of negative instances incorrectly 
classified as positive and is calculated as 1 − specificity. 

IV. RESULTS AND DISCUSSION 

This section outlines the experimental configuration and 
assesses the suggested model's performance, emphasizing its 
efficacy and computing efficiency throughout the tests under 
consideration. 

A. Experimental Setup 

The proposed model was developed and tested on a high-
performance computing system featuring an Intel Core i9-
13900K processor at 3.0 GHz, 64 GB DDR5 RAM, and an 
NVIDIA RTX 4090 GPU with 24 GB VRAM. The 
experimental environment used Windows 11 Pro and Python-
based libraries, including Pandas, NumPy, Matplotlib, 
Seaborn, and Scikit-learn, to perform data preprocessing, 
visualization, model implementation, and performance 
evaluation. 

B. Experimental Results 

The proposed model was trained on the Insurance Claim 
Analysis: Demographic and Health dataset and tested using 
the following classification metrics: accuracy, precision, 
recall, and F1-score as shown in Table II. The Light Gradient 
Boosting Machine (Light GBM) achieved an accuracy of 
98.8%, indicating a high level of classification accuracy. It 
obtained 98.9% precision and 98.6% recall, indicating reliable 
identification of the respective classes with minimal 
classification errors. Moreover, the model achieved an F1 
score of 98.7%, showing a good balance between precision 
and recall for insurance claim prediction. 

TABLE II.  CLASSIFICATION RESULTS OF PROPOSED MODEL 

DEMOGRAPHIC AND HEALTH-BASED INSURANCE CLAIM PREDICTION 

Matrix Proposed Light Gradient Boosting Machine 

(Light GBM) 

Accuracy 98.8 

Precision 98.9 

Recall 98.6 

F1-score 98.7 

Fig. 5 confusion matrix of the proposed Light GBM model 
for three classes (0, 1, and 2). The model correctly classified 
236 samples of Class 1 and 27 samples of Class 2, indicating 
strong classification performance. Only a small number of 
misclassifications were observed, with 4 Class 2 samples 
predicted as Class 1 and 1 Class 0 sample predicted as Class 
2. Overall, the matrix demonstrates that Light GBM 
effectively distinguishes the three classes with limited 
classification errors. 
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Fig. 5. Confusion Matrix for the Lightgbm Model 

 

Fig. 6. ROC Curve for Light GBM Model 

Fig. 6 illustrates the ROC curve of the Light GBM model 
for insurance claim prediction. The model achieves an AUC 
of 98.8%, indicating strong class-discrimination capability. 
The ROC curve remains close to the upper-left region, 
reflecting a high true-positive rate with a low false-positive 
rate. Overall, the results demonstrate the model’s effective 
ability to distinguish between the target classes. 

C. Comparative Analysis 

To assess the effectiveness of the proposed Light Gradient 
Boosting Machine (Light GBM) model, its classification 
performance was compared with existing machine learning 
models, as presented in Table III. Logistic Regression (LR) 
achieved 82% accuracy, 81% precision, 88% recall, and 85% 
F1-score, while XGBoost obtained 83%, 73%, 83%, and 75%, 
respectively. K-Nearest Neighbors (KNN) demonstrated 
improved performance with 92.99% accuracy, 93.5% 
precision, 92.99% recall, and 92.97% F1-score. In 
comparison, the proposed Light GBM achieved an accuracy 
of 98.8%, precision of 98.9%, recall of 98.6%, and F1-score 
of 98.7% on the insurance claims classification task using 
demographic and health factors, outperforming the other 
models. 

TABLE III.  COMPARATIVE ANALYSIS OF MACHINE LEARNING MODELS 

FOR INSURANCE CLAIM PREDICTION USING DEMOGRAPHIC AND HEALTH 

FACTORS 

Model Accuracy Precision Recall F1-score 

LR [28] 82 81 88 85 

XGBoost [29] 83 73 83 75 

KNN [30] 92.99 93.5 92.99 92.97 

Proposed LightGBM 98.8 98.9 98.6 98.7 

D. Performance Discussion 

The proposed Light Gradient Boosting Machine (Light 
GBM) achieved an accuracy of 98.8% for insurance claim 
prediction. This result indicates that the model can correctly 
classify a high proportion of insurance claim instances based 
on demographic and health factors. Compared with the other 
evaluated machine learning models, Light GBM demonstrates 
improved classification accuracy. Thus, the proposed model 
provides an effective approach for accurate insurance claim 
prediction. 

V. CONCLUSION AND FUTURE STUDY 

Insurance is a financial protection mechanism that helps 
individuals manage potential losses related to health, vehicles, 
property, education, business, and other unforeseen 
circumstances. Of these, one of the most crucial is health 
insurance as rising healthcare costs and health risks can be a 
heavy burden. In this research, machine learning was used to 
forecast insurance claim results based on demographic and 
health-related factors. The proposed Light Gradient Boosting 
Machine (Light GBM) achieved an accuracy of 98.8%, 
outperforming LR (82%), XGBoost (83%), and KNN 
(92.99%). These results demonstrate that Light GBM can 
effectively capture relationships among demographic and 
health attributes and provide accurate insurance claim 
classification. The proposed method hence provides a data-
driven framework to aid efficient and reliable insurance claim 
prediction. 

A. Limitation and Future Work 

The study has limitations due to the size and scope of the 
demographic and health-related data available, which could 
limit the generalizability of the findings to other insurance 
groups. Future work can incorporate larger real-world 
datasets, additional health and socioeconomic factors, and 
advanced machine learning or deep learning techniques to 
further improve insurance claim prediction and risk 
assessment. 
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