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Abstract: Vehicle insurance claim fraud presents a major challenge in the insurance industry, leading to
financial losses and increased premiums for policyholders. Traditional fraud detection methods, such as rule-
based systems and manual claim assessment, struggle to handle the complexity and growing volume of
fraudulent claims. With the advancement of Machine Learning (ML), models such as Artificial Neural Networks
(ANNS5) have significantly improved fraud detection accuracy. However, a key limitation of existing ML-based
methods is their lack of interpretability, making it difficult for insurers to justify fraud detection decisions. To
address this issue, this study proposes an interpretable fraud detection framework based on an ANN integrated
with Shapley Additive Explanations (SHAP). The framework involves preprocessing insurance claim data,
training an ANN for fraud prediction, and applying SHAP to analyze feature importance and provide
interpretability. Experimental results demonstrate that the proposed model achieves high accuracy in fraud
detection while offering insights into influential features affecting claim decisions. The findings highlight the
importance of incorporating explainability into ML-based fraud detection, ensuring transparency and

trustworthiness in the insurance industry.
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1. Introduction

Vehicle insurance claim fraud has become a significant challenge in the insurance industry [1-3], leading to
substantial financial losses and increased premiums for policyholders. It encompasses various deceptive
activities, such as exaggerated claims, staged accidents, false documentation, and misrepresentation of damages
or injuries. Fraudulent claims not only strain the financial stability of insurance companies but also impact
genuine policyholders by increasing overall insurance costs [4, 5]. Consequently, developing effective and
reliable fraud detection methods has become a critical necessity for insurance companies to mitigate risks and
ensure fairness in claim settlements.

The global insurance industry faces significant financial burdens due to fraudulent claims. Studies suggest
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that insurance fraud accounts for billions of dollars in losses annually, with a considerable portion attributed to
vehicle insurance claims. Traditional methods of fraud detection, such as manual claim assessment and rule-
based systems, are often inefficient and time-consuming [6—8], making them inadequate for handling the
increasing volume of claims. Additionally, sophisticated fraudulent activities have evolved over time, making it
challenging for insurers to detect fraud using conventional approaches. The necessity for more advanced and
automated detection methods has become evident [9—11], as timely identification of fraudulent claims can save
insurance companies from considerable financial losses and improve overall operational efficiency.

Over the last decades, traditional fraud detection methods have relied on rule-based systems, expert-driven
heuristics, and statistical models which have been widely used in many domains [12,13]. These approaches
primarily involve predefined rules, such as flagging claims that exceed a certain threshold or exhibit unusual
patterns. While rule-based systems can effectively detect simple fraud cases, they suffer from limited
adaptability and high false-positive rates. Moreover, fraudsters often find ways to circumvent these predefined
rules, making them less effective in handling complex fraud schemes. Statistical models, such as logistic
regression [14, 15], have been explored for fraud detection by analyzing claim characteristics and identifying
anomalies. However, these methods struggle to capture the intricate patterns and nonlinear relationships present
in fraudulent claims.

With the advent of Machine Learning (ML) [16—19], fraud detection has witnessed significant progress.
Supervised and unsupervised ML algorithms have been widely employed to improve the accuracy and efficiency
of fraud detection models. Supervised learning methods, including decision trees, random forests, Support
Vector Machines (SVMs), and Artificial Neural Networks (ANNs) [20-22], leverage labeled datasets to identify
fraudulent claims based on historical patterns. Unsupervised learning techniques, such as clustering and
anomaly detection, have also been utilized to uncover hidden fraud patterns in claim data. The ability of
machine learning models to process large volumes of data [23—25] and identify subtle fraudulent behaviors has
greatly enhanced the detection of insurance fraud. However, despite these advancements, the interpretability of
ML-based fraud detection models remains a challenge.

One of the primary limitations of existing machine learning models in fraud detection is their lack of
interpretability. Many high-performing models, especially deep learning-based approaches like ANNs [26-28],
operate as “black boxes,” making it difficult to understand the reasoning behind their predictions. In the
insurance industry, where transparency and accountability are crucial, decision-makers require interpretable
models to justify claim rejections and comply with regulatory standards. Without proper explanations, insurers
may face challenges in defending their fraud detection decisions, potentially leading to legal and ethical
concerns. Therefore, there is an urgent need for interpretable fraud detection frameworks that not only achieve
high accuracy but also provide clear insights into the factors influencing fraud predictions.

To address the interpretability challenge in vehicle insurance fraud detection, this study proposes an
explainable ANN framework based on Shapley Additive Explanations (SHAP). The proposed framework
integrates multiple stages, including data preprocessing, ANN-based fraud detection, and SHAP-based
interpretability analysis. As illustrated in Figure 1, the framework begins with data preprocessing, which
involves string feature transformation, normalization, data balancing, and data splitting. The processed data is
then fed into an ANN model for fraud prediction, leveraging its ability to capture complex patterns in insurance
claim data. Finally, SHAP analysis is employed to interpret the ANN predictions by generating feature
importance visualizations, such as summary plots, dependence plots, force plots, and waterfall plots. This
interpretability enables insurers to gain deeper insights into fraudulent claim patterns, make informed decisions,

and build trust with policyholders.

2. Literature Review
2.1. Insurance Fraud Detection

Insurance fraud detection has attracted considerable attention, prompting the development of diverse

machine learning approaches aimed at improving detection accuracy and efficiency due to their strong
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performance across various tasks. For example, Gangadhar et al. introduced a Chaotic Variational Autoencoder-
based one-class classifier specifically designed for insurance fraud detection, demonstrating superior
performance in identifying fraudulent transactions [29]. Additionally, Asgarian et al. developed AutoFraudNet, a
multimodal network that leverages multiple data modalities to improve fraud detection in the auto insurance
sector [30]. In another study, Gupta et al. applied a Markov model combined with machine learning techniques
to detect fraud in health insurance, achieving high accuracy and Fl-scores, underscoring the model’s

effectiveness [31].
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Figure 1. The process of the proposed SHAP-based interpretable ANN in vehicle insurance claim fraud detection.

2.2. The Advancements Related to the Interpretability of Machine Learning Models

As ML models become increasingly complex, the need for interpretability has grown across various
domains. Numerous studies have proposed interpretability methods to enhance model transparency and
trustworthiness. Ribeiro et al. introduced Local Interpretable Model-agnostic Explanations (LIME), which
approximates black-box model predictions using interpretable local surrogate models, making it widely used for
feature importance analysis [32]. Lundberg and Lee proposed Shapley Additive Explanations (SHAP), which
utilizes cooperative game theory to assign feature importance scores and has become a standard in ML
interpretability [33]. In deep learning, Selvaraju et al. developed Grad-CAM, a method that visualizes
convolutional neural network (CNN) activations to highlight regions influencing predictions, improving
interpretability in image classification tasks [34]. Additionally, Shrikumar et al. introduced DeepLIFT, a
technique that tracks contributions of input features in deep networks, making it useful for medical and financial
applications [35]. For tree-based models, Lundberg et al. extended SHAP for gradient-boosting models like
XGBoost, offering a more robust feature attribution framework [36]. Caruana et al. proposed Generalized
Additive Models with Pairwise Interactions (GA2Ms) to balance interpretability and predictive power in
structured data analysis [37]. Although interpretability methods have been extensively studied in domains such
as healthcare, finance, and image recognition, their application to vehicle insurance claim fraud detection
remains limited. The lack of interpretable fraud detection frameworks hinders transparency and regulatory
compliance in the insurance industry. This gap underscores the necessity of integrating interpretable machine

learning models into fraud detection systems to enhance decision-making and accountability.

3. Method
3.1. Dataset Description and Preprocessing

Our study employs a publicly available dataset from Kaggle, consisting of 32 features designed to identify
fraudulent vehicle insurance claims. The primary goal is to develop an effective fraud detection model, using the
“FraudFound P feature as the target variable. The dataset encompasses a range of attributes related to
insurance claims, including policyholder details, claim characteristics, and accident-specific information.
Notable features include Month, WeekOfMonth, and DayOfWeek, among others. The target variable,
“FraudFound P,” classifies claims as either fraudulent (1) or legitimate (0). Within the dataset, fraudulent
claims constitute approximately 5.99% of the total, while legitimate claims account for 94.01%.

To improve model performance, we applied several preprocessing steps. First, categorical string features

were converted into numerical representations. Next, normalization was performed to ensure that all numerical
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features were on a consistent scale. Given the class imbalance in the dataset, we employed the Synthetic
Minority Over-sampling Technique (SMOTE) [38—40] to balance the distribution of fraudulent and legitimate
claims. Finally, the dataset was split into training and testing sets in a 7:3 ratio, ensuring a reliable evaluation of

the model’s effectiveness.

3.2. Artificial Neural Network

Artificial Neural Networks (ANNs) are a class of machine learning models inspired by the structure and
functionality of biological neural networks, which are widely used in many domains [41—43]. They consist of
interconnected layers of artificial neurons that process information through weighted connections and activation
functions. Each neuron receives inputs, applies a transformation using a weight and bias system, and passes the
result through an activation function to determine the output. ANNs are widely used in classification and
regression tasks due to their ability to capture complex patterns in data [44,45].

In this study, we designed an ANN to detect fraudulent vehicle insurance claims. The model architecture
consists of an input layer, multiple hidden layers, and an output layer. The input layer takes numerical features
from the preprocessed dataset. Given that the dataset contains 32 features, the input layer is designed to
accommodate these variables. The hidden layers play a crucial role in feature extraction and representation
learning. Our model includes three hidden layers, each containing a different number of neurons to effectively
capture intricate relationships within the data. The first hidden layer consists of 32 neurons, followed by two
additional layers with 16 neurons each. These layers are designed to progressively extract meaningful patterns
from the input features. To introduce non-linearity and enhance the learning capability of the network, an
activation function is applied to each neuron in the hidden layers. This activation function helps the model learn
complex representations by introducing non-linear transformations to the data. Additionally, to prevent
overfitting and ensure efficient learning, appropriate weight initialization and regularization techniques are
incorporated. The output layer consists of a single neuron, responsible for producing the final classification result
—whether a claim is fraudulent or legitimate. Given that this is a binary classification task, a suitable activation
function is applied in the output layer to ensure the predicted value falls within the expected range. The network is
trained using a binary cross-entropy loss function, which measures the difference between predicted probabilities
and actual labels. For optimization, the model utilizes an adaptive gradient-based optimization algorithm to update
weights and minimize the loss function efficiently. The training process is conducted for 20 epochs with a batch

size of 32, ensuring a balanced trade-off between computational efficiency and model convergence.

3.3. Shapley Additive Explanations
SHAP is a widely used interpretability method for machine learning models [46—48], based on Shapley

values from cooperative game theory. It provides a principled way to quantify the contribution of each feature to
a model’s prediction by distributing the total prediction difference among input features fairly. SHAP is
particularly valuable for complex models, such as artificial neural networks, where interpretability is often a
challenge. By assigning importance scores to individual features, SHAP helps in understanding how different
inputs influence the model’s output.

A key advantage of SHAP is its consistency and ability to provide both global and local interpretability. Global
interpretability allows us to analyze the overall impact of features across all predictions, while local interpretability
explains individual predictions, making it possible to understand why a specific claim was classified as fraudulent
or legitimate. The SHAP framework offers various visualization tools, such as summary plots, dependence plots,
force plots, and waterfall plots, to enhance the interpretability of machine learning models.

In this study, we employed SHAP to analyze the output of our artificial neural network model for Vehicle
Insurance Claim Fraud Detection. By computing SHAP values, we identify the most influential features
contributing to fraud classification. This helps in understanding which factors drive fraudulent claims and
provides transparency in decision-making. Specifically, SHAP allows us to explore the impact of properties such
as claim-related attributes, policyholder information, and accident details on fraud detection. The insights gained

from SHAP analysis not only improve model interpretability but also assist insurance companies in better
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assessing risk factors and enhancing fraud detection strategies.

4. Results and Discussion
4.1. The Prediction Performance of the ANN

To assess the effectiveness of the proposed ANN in vehicle insurance claim fraud detection, we evaluated its
performance using multiple metrics, including accuracy, precision, recall, F1-score, and Area Under the Curve
(AUC). The results are illustrated in Figures 25, detailing the training process, performance metrics, ROC
curve, and confusion matrix.

Figure 2 presents the accuracy and loss curves during model training. The left plot displays the accuracy of
both the training and validation datasets over 20 epochs. The training accuracy steadily increases, reaching over
90%, while the validation accuracy fluctuates around 82%, indicating some generalization challenges. The right
plot depicts the training and validation loss trends. The training loss consistently decreases, demonstrating
effective learning, whereas the validation loss increases after a few epochs, suggesting possible overfitting.
These trends indicate that while the model learns well on the training set, further tuning may be required to
enhance generalization.

Figure 3 shows the key performance metrics of the trained model. The ANN achieved an accuracy of
83.26%, an Fl-score of 84.10%, a recall of 88.53%, and a precision of 80.09%. These results highlight the
model’s effectiveness in detecting fraudulent claims, with a strong recall score indicating that the majority of
fraud cases were correctly identified. However, the slightly lower precision suggests that some legitimate claims
were misclassified as fraudulent, which may require further refinement of the model.

Figure 4 illustrates the Receiver Operating Characteristic (ROC) curve, which is a graphical representation
of the model’s ability to distinguish between fraudulent and legitimate claims at various classification
thresholds. The curve plots the True Positive Rate (TPR) against the False Positive Rate (FPR), with the
diagonal line representing a random classifier. The proposed ANN achieves an AUC score of 0.91,
demonstrating a high level of discrimination between the two classes. A higher AUC value indicates better
overall performance, confirming the model’s reliability in fraud detection.

Figure 5 displays the confusion matrix, which provides a detailed breakdown of the model’s classification
results. The matrix shows that the model correctly classified 3392 legitimate claims and 3850 fraudulent claims.
However, 957 legitimate claims were misclassified as fraudulent (false positives), and 499 fraudulent claims
were missed (false negatives). While the high recall score indicates that most fraud cases were detected, the

presence of false positives highlights the need for further tuning to reduce unnecessary fraud alerts.
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Figure 2. The accuracy and loss curve during the model training process.
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Figure 3. The model performance evaluated by different metrics.
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Figure 5. The confusion matrix of the proposed ANN.

4.2. The Interpretability Analysis of the Proposed ANN Model Based on SHAP

Figure 6 presents the SHAP-based feature importance analysis for some crucial properties, which provides
insights into how different attributes influence the prediction of fraudulent vehicle insurance claims. The left

panel illustrates the distribution of SHAP values for each feature, where the color gradient represents feature
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values (blue for low values and red for high values). The right panel ranks the features based on their average

absolute SHAP values, highlighting their overall impact on the model’s output.
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Figure 6. The importance of some crucial features (summary plot) based on SHAP.

Among all the features, “Fault” exhibits the highest contribution to fraud prediction, suggesting that whether
the policyholder is at fault in an accident significantly affects the likelihood of a fraudulent claim.
“VehicleCategory” follows as the second most influential factor, indicating that certain vehicle categories may
have a higher fraud risk. “BasePolicy”, which represents the type of insurance policy, also plays a critical role,
suggesting that different coverage plans may influence fraud patterns.

Other important features include “Month”, “PolicyType”, and “VehiclePrice”, which contribute to fraud
classification, though with slightly lower impact. The presence of “Make”, referring to the car manufacturer,
implies that fraud trends may vary across vehicle brands. Additionally, “MonthClaimed” and “Year” are also
among the top contributing factors, indicating that temporal patterns in claim filings may be relevant for fraud
detection.

Figure 7 presents the SHAP dependence plots for some selected features, illustrating how individual features
influence the model’s predictions. Each plot shows the SHAP values (impact on the model output) for a given
feature, with color gradients representing another related feature. These visualizations provide deeper insights
into the relationships between features and their effect on fraud detection. The first plot shows the Month
feature, where SHAP values tend to increase in later months of the year, suggesting that claims filed in certain
months may have a higher likelihood of being fraudulent. A similar trend is observed in the DayOfWeek and
DayOfWeekClaimed features, where certain days exhibit a stronger impact on fraud detection. The
WeekOfMonth plot indicates a slight negative correlation between the feature and its SHAP values, meaning
that claims filed earlier in the month might have a different fraud risk than those filed later. Additionally, the
Make plot suggests that certain vehicle brands influence the fraud likelihood differently, with varying SHAP
distributions across different car manufacturers. Other notable dependencies include AccidentArea, where
claims in urban areas appear to have slightly higher SHAP values compared to rural areas, and VehicleCategory,
which exhibits variations in impact across different vehicle classes.

Figures 8 and 9 illustrate the force and waterfall plots generated by SHAP for four individual predictions.
These visualizations help explain how different features contribute to each specific classification decision made
by the model.

In Figure 8, the force plots depict the influence of features on the final prediction score. The blue segments
represent factors that decrease the fraud probability, while the red segments indicate features that increase it. For
example, in the first case, features such as VehicleCategory, BasePolicy, and AgeOfPolicyHolder contribute
negatively (blue) to reducing the likelihood of fraud, whereas factors like Fault and PolicyType push the
prediction towards a higher fraud probability. These plots provide a clear breakdown of how individual features
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impact each specific case.

01s . .
o 04 0.10 15
010 H i 1
.. 03 0.05 0 g
R N s £
o 02 w5 o000 os g
25 o000 ﬁ L 2
£s s 5 H
&= : o1 g = —005 00 2
s LI B B g ¥ H
-0.10 : Co foo 0101 :. 052
v
~020 5
-Is 4o 65 oo o5 10 15
3 H 3 ] To
Month WeekofMonth
5.000 02 5.000
010
. . H N 4.167
005 4167
01 .
' H - .
5 0.00 3333 5 H H H 3333 o
. : 3 < H . R it
28 : S 22 oo £
3§ 005 2500 B EE ! | 25008
=8 2 2 : ! : 2
£ 8 -o10 g z ! . LR R 2
“ N AL N . - 1.667
@ 1667 -0.1 . -1 H 8
015 it :
0833 : 0.833
-0.20 H -02
N 5 . 5 . . . - . 0.000
[ i 3 3 3 3 & 0.000 oo 25 50 75 100 125 150 175
DayOfweek Make
2000 1o
012
10
o0 005 : 1 :
- B
3 H
5, 008 1333 > LB ' I o5
&g s <25 2
23 oos g 3g 0 5
* 3 3% 2
T5 g 23 oo €
g5 oo = S % —0.05 z
< s ® >
B 0.667 z -
0.02 = 2 o5
~0.10 :
.00 l e
0.02 0.000 -0.15 N
0.0 0.2 0.4 0.6 08 10 B 1 2 3 4 5 6 7
AccidentArea DayOfweekClaimed

Figure 7. The relationship among some features (dependence plot) based on SHAP.

Figure 9 presents the waterfall plots, which further break down the contributions of different features toward

the model’s output for each instance. Here, features are ranked based on their impact on the final prediction,

with positive contributions shown in red and negative contributions in blue. For instance, VehicleCategory and

BasePolicy consistently appear as significant factors across multiple cases, emphasizing their importance in

fraud detection. Other features, such as PolicyType, MaritalStatus, and AgeOfPolicyHolder, also show varying

levels of influence, highlighting the complexity of fraud prediction.
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5. Discussion

While the proposed ANN model demonstrates strong prediction and interpretability performance in
detecting fraudulent vehicle insurance claims, several limitations remain that could be addressed in future
research: (1) One notable limitation is the class imbalance in the dataset. Despite using SMOTE to balance the
training data, synthetic data generation may introduce biases that do not fully represent real-world fraud
patterns. Future work could explore cost-sensitive learning or anomaly detection methods that do not require
artificial oversampling. (2) Another challenge is feature engineering. Although SHAP analysis provides insights
into important features, some categorical variables (e. g., vehicle make, policy type) were converted into
numerical representations without exploring potential interactions. More advanced techniques, such as feature
embedding or graph-based representations, could enhance the model’s ability to capture relationships among
categorical variables. (3) Additionally, the model interpretability can be further improved. While SHAP provides
useful explanations, decision-makers in the insurance industry might require more intuitive explanations. Future
work could explore rule-based models or hybrid approaches that combine deep learning with explainable

models, such as decision trees or case-based reasoning systems.

6. Conclusions

This study presents an interpretable vehicle insurance fraud detection framework that combines an ANN
with SHAP analysis to enhance fraud prediction and model transparency. The proposed model effectively
detects fraudulent claims, achieving strong classification performance while providing insights into feature
importance. SHAP-based interpretability allows insurers to understand the key factors influencing fraud
predictions, aiding in better decision-making and regulatory compliance. Despite its effectiveness, the study
identifies limitations such as dataset imbalance, feature representation challenges, and generalizability concerns.
Future work could explore cost-sensitive learning, advanced feature engineering techniques, and domain
adaptation to improve fraud detection accuracy and adaptability. By integrating interpretability into ML-driven
fraud detection, this research contributes to developing more transparent and reliable fraud prevention systems

for the insurance industry.
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