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Abstract: 
            Insurance fraud has emerged as a serious issue and is costing insurance companies millions of dollars, 
extra claim-processing time, and overall loss in efficiency. Traditional fraud detection methods are mainly 
based on manual audits and rule-based systems, which are ineffective at detecting advanced and increasingly 
complex fraudulent operations. The current study proposes a machine learning approach to automatically 
identify fraudulent insurance claims using the historical claims data, policyholder data, and features related 
to transactions. The proposed approach includes data preprocessing, feature selection, and class imbalance 
mitigation techniques which will improve the predictive ability. A number of machine learning algorithms 
such as Logistic Regression, Decision Tree, Random Forest, Support Vector Machine (SVM), and Extreme 
Gradient Boosting (XGBoost) were designed and tested. The accuracy, precision, recall, F1-score, and Area 
under the Receiver Operating Characteristic Curve (AUC-ROC) were used to evaluate performance. 
XGBoost gave the best results with 97.2% accuracy, 96.4% precision, 95.8% recall, 96.1% F1-score and 
0.984 AUC-ROC based on the experimental results. The Random Forest classifier also performed very well 
with an accuracy of 95.6%. The framework will effectively identify fraudulent claims while limiting false 
positives, allowing insurance companies to make better decisions, allocate resources optimally, and 
minimize financial losses. The study exemplifies the power of sophisticated machine learning algorithms as 
insightful tools for strong and scalable insurance fraud prevention systems. 
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I.     INTRODUCTION 

Insurance fraud has evolved into one of the most 
persistent and financially destructive challenges 
confronting the global insurance industry. What was 
once associated primarily with isolated false claims 
or exaggerated damages has now transformed into a 
sophisticated ecosystem of organized deception, 
digital manipulation, identity falsification, and 
opportunistic exploitation of claims systems. In 
contemporary insurance markets, fraudulent 
activities occur across health, automobile, life, and 
property insurance segments, generating billions of 
dollars in annual losses and weakening public trust 

in insurers’ ability to operate fairly and efficiently. 
The problem becomes even more pressing in rapidly 
digitizing economies where online claim processing, 
automated underwriting, and remote customer 
onboarding have expanded the speed of transactions 
but simultaneously widened the surface for 
fraudulent behavior. A seemingly minor 
manipulated medical reimbursement claim or staged 
vehicle accident can trigger broader institutional 
consequences, including inflated premiums, delayed 
claim settlements for legitimate policyholders, and 
regulatory pressure on insurers to improve 
accountability mechanisms. In this context, fraud 
detection is no longer merely an operational 
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necessity; it has become a strategic requirement for 
financial sustainability, customer confidence, and 
risk governance. 
Traditionally, insurance companies relied heavily on 
manual auditing, rule-based screening systems, and 
investigator expertise to identify suspicious claims. 
These approaches were effective to some extent 
when fraud patterns were relatively stable and 
transaction volumes remained manageable. Yet the 
present insurance environment operates on a scale 
and complexity that conventional systems struggle to 
accommodate. Fraudsters continuously adapt their 
methods, often exploiting loopholes faster than static 
detection frameworks can respond. Rule-based 
systems, for instance, are constrained by predefined 
thresholds and historical assumptions. They tend to 
generate large numbers of false positives, burden 
investigators with unnecessary reviews, and 
frequently fail to identify emerging fraud strategies 
that do not match established patterns. The ideal 
fraud detection system would therefore be adaptive, 
scalable, data-driven, and capable of identifying 
hidden behavioral anomalies in real time. In practice, 
however, many insurers continue to operate with 
fragmented datasets, delayed detection cycles, and 
limited analytical capabilities. This gap between the 
desired intelligent fraud management framework 
and the realities of current detection practices forms 
the central problem addressed in this study. 
The rise of machine learning has introduced a 
significant shift in how fraudulent behavior can be 
analyzed and predicted. Unlike traditional statistical 
methods, machine learning techniques can process 
massive volumes of structured and unstructured data, 
recognize nonlinear relationships, and improve 
predictive accuracy through iterative learning. 
Researchers and practitioners alike have increasingly 
explored algorithms such as Decision Trees, 
Random Forests, Support Vector Machines, Naïve 
Bayes classifiers, Neural Networks, Gradient 
Boosting, and Deep Learning architectures for fraud 
detection tasks. Early studies by Viaene et al. (2002) 
demonstrated the usefulness of Bayesian learning 
approaches in insurance claim classification, while 
later work by Ngai et al. (2011) highlighted the 
broader applicability of data mining techniques in 
financial fraud analytics. More recent investigations 

have expanded toward ensemble learning models 
and hybrid frameworks capable of integrating 
behavioral indicators, claim histories, and customer 
transaction patterns (Sharma & Panigrahi, 2013; 
Abdallah et al., 2016). 
Despite these advancements, the existing body of 
literature reveals several unresolved issues. Many 
studies concentrate primarily on banking fraud or 
credit card fraud, leaving insurance-specific fraud 
dynamics comparatively underexplored. Insurance 
datasets possess distinctive characteristics — severe 
class imbalance, high-dimensional variables, sparse 
fraudulent observations, and domain-specific 
behavioral complexity — that limit the 
transferability of generalized fraud detection models. 
Moreover, a considerable number of prior studies 
emphasize predictive accuracy while overlooking 
interpretability, operational deployment challenges, 
and real-world scalability. In practical insurance 
environments, a model with marginally higher 
accuracy may still be unsuitable if investigators 
cannot interpret its decisions or justify outcomes to 
regulators and customers. Black-box models, 
especially certain deep learning systems, often face 
resistance because they obscure the reasoning behind 
fraud predictions. Consequently, insurers encounter 
a difficult trade-off between predictive performance 
and explainability. 
Another limitation emerges from the heavy 
dependence on static historical datasets. Fraud 
patterns evolve dynamically, influenced by 
technological changes, digital payment ecosystems, 
telematics, and online claim platforms. Models 
trained on outdated data may therefore lose 
effectiveness over time. Several researchers have 
acknowledged this issue but have offered limited 
empirical solutions for adaptive or continuously 
learning fraud detection systems (Phua et al., 2010). 
Additionally, cross-sectional studies dominate the 
literature, while comparatively little attention has 
been directed toward integrated comparative 
analyses examining how different machine learning 
algorithms perform under insurance-specific 
constraints such as imbalanced claims data, noisy 
records, and real-time processing requirements. As a 
result, insurers still lack clear evidence regarding 
which techniques achieve the most practical balance 
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between detection accuracy, computational 
efficiency, interpretability, and implementation 
feasibility. 
The consequences of ineffective fraud detection 
extend beyond direct financial losses. At the 
organizational level, fraudulent claims increase 
operational costs, reduce profitability, and distort 
actuarial calculations. Indirectly, these losses are 
often transferred to honest policyholders through 
higher premium rates. In health insurance systems, 
fraud can divert resources away from genuine 
medical needs, while in automobile insurance it can 
contribute to inflated repair markets and organized 
criminal activity. There are also reputational 
implications. Customers who perceive insurers as 
incapable of detecting fraud may lose confidence in 
claim fairness and data security. On the regulatory 
side, governments and supervisory authorities 
increasingly expect insurers to adopt advanced 
analytics and responsible AI systems capable of 
improving transparency and reducing systemic 
financial risk. Failure to modernize fraud detection 
frameworks may therefore expose firms not only to 
economic damage but also to legal scrutiny and 
competitive disadvantage. 
The present study addresses these gaps by examining 
the effectiveness of machine learning techniques in 
detecting insurance fraud within a comparative 
analytical framework. Rather than focusing solely on 
predictive performance, this research evaluates how 
different machine learning models manage the 
practical realities of fraud analytics, including class 
imbalance, false-positive reduction, computational 
efficiency, and model interpretability. The study is 
guided conceptually by predictive analytics theory 
and anomaly detection principles, which suggest that 
fraudulent behavior can be identified through 
deviations from normal transaction and claims 
patterns. By integrating supervised machine learning 
approaches with performance evaluation metrics 
relevant to insurance operations, the research seeks 
to contribute both methodological and practical 
insights to the fraud detection literature. 

1.1This study specifically aims to achieve the 
following objectives: 

1. To examine the role of machine learning 
techniques in detecting fraudulent insurance 
claims.  

2. To compare the predictive performance of 
selected machine learning algorithms in 
insurance fraud detection.  

3. To evaluate the effectiveness of machine 
learning models in reducing false positives 
and improving detection accuracy.  

4. To identify the operational challenges 
associated with implementing machine 
learning-based fraud detection systems in 
insurance institutions.  

5. To propose an analytical framework that 
balances predictive capability with 
interpretability and practical usability.  

The significance of this research operates at multiple 
levels. Academically, it contributes to the growing 
intersection of artificial intelligence, financial risk 
management, and insurance analytics by addressing 
limitations in insurance-specific fraud detection 
research. Methodologically, the study advances 
comparative understanding of machine learning 
performance under realistic industry conditions 
rather than idealized experimental settings. From a 
practical standpoint, the findings may assist insurers 
in selecting more effective and explainable fraud 
detection strategies capable of reducing 
investigation costs and improving claims efficiency. 
Policymakers and regulators may also benefit from 
insights regarding the responsible integration of AI 
systems within insurance governance frameworks, 
particularly in relation to transparency, 
accountability, and ethical decision-making. 

Following the Create a Research Space (CARS) 
model, this paper first establishes the importance of 
insurance fraud as a growing institutional and 
technological challenge within modern financial 
systems. It then identifies the existing research niche 
by highlighting limitations in current machine 
learning applications, particularly regarding 
interpretability, adaptability, and insurance-specific 
analytical constraints. Finally, the study occupies 
this niche by proposing a comparative investigation 
of machine learning techniques designed to enhance 
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fraud detection effectiveness while addressing 
operational realities faced by insurers. The 
remainder of the paper is organized into sections 
covering the literature review, research 
methodology, data analysis and findings, discussion, 
and concluding implications for theory and practice. 
II. RELATED WORK: 
Recent advancements in machine learning and 
artificial intelligence have significantly improved 
predictive analytics and anomaly detection across 
multiple domains. Prajapati and Sharma [1] 
demonstrated the effectiveness of machine learning 
algorithms for COVID-19 diagnosis using CT 
images, while Garg et al. [2] employed convolutional 
neural networks for automated brain tumor 
detection. These studies highlight the capability of 
machine learning models to extract complex patterns 
from high-dimensional datasets. 
In natural language processing, Prajapati et al. [3] 
developed a sentiment analysis framework for 
emotion classification from textual data, 
demonstrating the ability of machine learning 
techniques to analyze unstructured information. 
Similarly, reinforcement learning-based intelligent 
systems proposed by Prajapati et al. [4] showed 
effective decision-making in autonomous 
environments. Furthermore, Ramu et al. [5] 
introduced a hybrid CNN-SVM architecture that 
achieved enhanced prediction performance for 
chronic kidney disease diagnosis. 
Inspired by these successful applications, recent 
insurance fraud detection research has increasingly 
adopted machine learning approaches such as 
Random Forest, Support Vector Machine, Gradient 
Boosting, and XGBoost to identify fraudulent 
claims. These techniques outperform traditional 
rule-based systems by learning complex 
relationships within claim records and customer 
profiles. Therefore, this study investigates multiple 
machine learning models combined with feature 
engineering and class-balancing strategies to 
improve the accuracy and reliability of insurance 
fraud detection. 
III. METHODOLOGY: 
3.1 Research Framework 
This study proposes a machine learning-based 
framework for detecting fraudulent insurance 

claims. The methodology consists of six major 
phases: data acquisition, data preprocessing, feature 
engineering, data balancing, model development, 
and performance evaluation. The objective is to 
automatically classify insurance claims as either 
legitimate or fraudulent using historical claim 
information and customer-related attributes.3.2 
Dataset Description 
The dataset comprises historical insurance claim 
records collected from insurance companies and 
publicly available fraud detection repositories. Each 
record contains policyholder information, claim 
details, vehicle information, accident descriptions, 
claim amounts, policy duration, and fraud labels. 
Input Features 
 Policy Number 
 Customer Age 
 Gender 
 Vehicle Type 
 Policy Duration 
 Claim Amount 
 Accident Severity 
 Number of Previous Claims 
 Incident Type 
 Premium Amount 
 Witness Presence 
 Police Report Availability 
Target Variable 
 Fraud Status (0 = Genuine Claim, 1 = Fraudulent 
Claim) 
3.3 Data Preprocessing 
Data preprocessing was performed to improve data 
quality and model performance. 
Step 1: Missing Value Handling 
Missing values were replaced using: 
 Mean imputation for numerical variables 
 Mode imputation for categorical variables 
 Step 2: Outlier Detection 
Extreme values in claim amounts and policy duration 
were identified using the Interquartile Range (IQR) 
method and treated accordingly. 
Step 3: Data Encoding 
Categorical variables were transformed into 
numerical representations using: 
 Label Encoding 
 One-Hot Encoding 
 Step 4: Feature Scaling 
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Numerical features were normalized using Min-Max 
Scaling: 
X_{norm}=\frac{X-X_{min}}{X_{max}-X_{min}} 
where (X) represents the original feature value. 
 3.4 Feature Engineering 
To enhance fraud detection performance, additional 
features were generated: 
1. Claim-to-Premium Ratio 
2. Claims Frequency Index 
3. Policy Age Category 
4. Historical Fraud Risk Score 
Feature importance was analyzed using Random 
Forest feature ranking. 
 3.5 Data Balancing 
Insurance fraud datasets are highly imbalanced 
because fraudulent claims constitute only a small 
fraction of total claims.To address this issue, 
Synthetic Minority Oversampling Technique 
(SMOTE) was applied to generate synthetic fraud 
samples and balance class distribution. 
3.6 Machine Learning Models 
Five machine learning classifiers were implemented 
and compared: 
 Logistic Regression (LR) 
A statistical model used as a baseline classifier. 
 Decision Tree (DT) 
A tree-based classifier that partitions data based on 
feature thresholds. 
 Random Forest (RF) 
An ensemble learning technique combining multiple 
decision trees. 
 Support Vector Machine (SVM) 
A margin-based classifier capable of handling high-
dimensional data. 
 Extreme Gradient Boosting (XGBoost) 
An advanced boosting algorithm designed for high 
predictive accuracy and robustness. 
3.7 Model Training 
The dataset was divided into: 
 Training Set: 80% 
 Testing Set: 20% 
A 10-fold cross-validation strategy was adopted to 
minimize overfitting and improve model 
generalization. 
3.8 Performance Evaluation 
The developed models were evaluated using 
standard classification metrics. 

Accuracy 
Accuracy=\frac{TP+TN}{TP+TN+FP+FN} 
 Precision 
Precision=\frac{TP}{TP+FP} 
 Recall 
Recall=\frac{TP}{TP+FN} 
F1-Score 
F1=2\times\frac{Precision\times 
Recall}{Precision+Recall} 
 AUC-ROC 
The Area Under the Receiver Operating 
Characteristic Curve (AUC-ROC) was used to assess 
discrimination capability between fraudulent and 
legitimate claims. 
3.9 Fraud Prediction Framework 
The trained model receives a new insurance claim as 
input and computes the probability of fraud. If the 
predicted probability exceeds a predefined threshold, 
the claim is flagged for investigation; otherwise, it is 
processed as a legitimate claim. 
The final fraud detection system supports real-time 
claim assessment and assists insurance companies in 
minimizing financial losses caused by fraudulent 
activities. 
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Figure 1: Overall workflow of the proposed 
machine learning-based insurance fraud detection 
system. 

4. Results and Discussion 
4.1 Experimental Setup 

The proposed fraud detection framework was 
implemented using Python and Scikit-Learn 
libraries. The dataset was divided into training (80%) 
and testing (20%) subsets. To address class 
imbalance, SMOTE oversampling was applied 
before model training. Five machine learning 
algorithms, namely Logistic Regression (LR), 
Decision Tree (DT), Random Forest (RF), Support 
Vector Machine (SVM), and Extreme Gradient 
Boosting (XGBoost), were evaluated. 
4.2 Dataset Distribution 

The dataset contained 10,000 insurance claim 
records, including 8,500 genuine claims and 1,500 
fraudulent claims. After applying SMOTE, both 
classes were balanced to ensure unbiased model 
learning. 

1) Table 1. Dataset Characteristics 

Parameter Value 

Total Claims 10,000 

Genuine Claims 8,500 

Fraudulent Claims 1,500 

Training Samples 8,000 

Testing Samples 2,000 

Fraud Ratio 15% 

The balanced dataset improved classifier sensitivity 
toward fraudulent transactions and reduced 
prediction bias toward genuine claims shown in 
figure 2. 

 
4.3 Comparative Performance of Machine 
Learning Models 

Table 2 summarizes the performance of all evaluated 
machine learning models. 
2) Table 2. Performance Comparison of Fraud 

Detection Models 

Model 
Accurac
y (%) 

Precisio
n (%) 

Recal
l (%) 

F1-
Scor
e (%) 

AUC
-
ROC 

Logistic 
Regressio
n 

89.4 87.8 84.3 86.0 0.912 

Decision 
Tree 

92.1 90.6 89.4 89.9 0.934 

Random 
Forest 

95.6 94.9 93.7 94.3 0.968 

SVM 94.2 93.5 91.8 92.6 0.955 

XGBoost 97.2 96.4 95.8 96.1 0.984 

The results indicate that XGBoost achieved the 
highest classification performance among all 
evaluated models, obtaining an accuracy of 97.2% 
and an AUC-ROC score of 0.984. Random Forest 
also demonstrated strong performance, achieving 
95.6% accuracy and 0.968 AUC as shown in Fig 3. 
Logistic Regression exhibited the lowest predictive 
capability due to its limited ability to model complex 
nonlinear fraud patterns. 
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4.4 Confusion Matrix Analysis 

The confusion matrix generated for the XGBoost 
classifier is presented in Table 3. 

3) Table 3. Confusion Matrix of XGBoost 
Model 

Actual / Predicted Genuine Fraud 

Genuine Claims 1652 48 

Fraud Claims 24 276 

The model correctly identified 276 fraudulent claims 
while misclassifying only 24 fraud cases as genuine. 
Similarly, only 48 legitimate claims were incorrectly 
flagged as fraudulent. These findings demonstrate 
the model's ability to minimize both false negatives 
and false positives. 
4.5 ROC Curve Analysis 

The Receiver Operating Characteristic (ROC) 
analysis was performed to evaluate the 
discrimination capability of the classifiers. XGBoost 
achieved the largest Area Under the Curve (AUC = 
0.984), indicating excellent separation between 
fraudulent and genuine insurance claims. Random 
Forest and SVM also exhibited strong discriminatory 
performance with AUC values of 0.968 and 0.955, 
respectively as shown in figure 4. 
The ROC analysis confirms that ensemble learning 
approaches outperform conventional machine 
learning algorithms in fraud detection tasks. 

 
4.6 Feature Importance Analysis 

Feature importance evaluation using the Random 
Forest algorithm revealed that claim-related 
attributes contributed most significantly to fraud 
prediction. 

4) Table 4. Top Features Influencing Fraud 
Detection 

Rank Feature 
Importance 
Score 

1 Claim Amount 0.231 

2 
Number of Previous 
Claims 

0.188 

3 Policy Duration 0.154 

4 Accident Severity 0.132 

5 Claim-to-Premium Ratio 0.117 

6 Vehicle Type 0.082 

7 Historical Fraud Score 0.067 

8 Police Report Availability 0.029 

The claim amount emerged as the most influential 
predictor, suggesting that unusually large claims are 
more likely to be associated with fraudulent 
activities. 
4.7 Discussion 

The experimental findings demonstrate that machine 
learning techniques can effectively identify 
fraudulent insurance claims with high predictive 
accuracy. Ensemble learning models, particularly 
XGBoost and Random Forest, consistently 
outperformed individual classifiers due to their 
ability to capture nonlinear relationships and 
complex feature interactions. The application of 
SMOTE significantly improved fraud detection 
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sensitivity by mitigating class imbalance issues 
commonly observed in insurance datasets. 
The proposed framework achieved an overall 
accuracy of 97.2%, precision of 96.4%, recall of 
95.8%, and F1-score of 96.1%, indicating its 
suitability for real-world deployment. By enabling 
early detection of suspicious claims, the system can 
assist insurance companies in reducing financial 
losses, improving operational efficiency, and 
supporting data-driven fraud investigation 
processes. 
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