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Car insurance fraud poses a significant financial threat to insurance companies and economies, with an estimated 20-30% of
global claims suspected to be fraudulent. This study investigates the detection of fraudulent car insurance claims using machine
learning models while addressing the challenge of class imbalance in real-world datasets. Using a dataset of 15,419 claims
(923 fraud, 14,496 non-fraud), extensive preprocessing and exploratory data analysis were conducted to uncover patterns and
relationships among features. Models including Logistic Regression, K-Nearest Neighbors, XGBoost, and Random Forest were
applied, with performance evaluated using precision, recall, and F1-score metrics. Various sampling strategies—class weighting,
undersampling, and SMOTE-based oversampling—were employed to mitigate data imbalance, with Random Forest trained on
undersampled data yielding the best performance (F1-score = 0.80 for fraud detection). Feature importance analysis using SHAP
revealed “Fault,” “Policy Type,” and “Month Claimed” as critical predictors of fraud. The study also highlights the limitations
of prior research, which often fails to report specific class-wise metrics in imbalanced datasets. Overall, the results demonstrate
that tree-based ensemble methods, especially with effective sampling, significantly improve fraud detection performance. The
findings offer valuable insights for developing robust, interpretable, and scalable fraud detection systems and lay the groundwork

for future enhancements through data balancing, cost-sensitive learning, and integration of unstructured claim data.

Introduction

Car insurance fraud happens when fraudsters deliberately de-
ceive an insurance company to gain financial benefit through
fake accidents, exaggerated damages and staged collisions.
These lead to insurance companies giving the fraudsters the
benefits causing financial losses and eroding trust in the com-
pany. Due to the evolving nature of fraudulent schemes, it is
hard to distinguish between legitimate and fraudulent claims.
An estimated 20% to 30% of global insurance claims are sus-
pected to be fraudulent Ding et al.l. This equates to billions
of dollars in losses for the insurance industry destabilizing the
economy of the nation.

As the insurance companies need to pay compensation fees
to clients to save their reputation and trust, it becomes neces-
sary for companies to detect these frauds. Hence, car insur-
ance fraud detection is crucial as it protects insurers, policy-
holders and the economy from facing losses worth billions of
dollars. Auto insurance fraud detection utilizes various tech-
niques, including data analytics, machine learning, and artifi-
cial intelligence (Al), to identify and prevent fraudulent insur-
ance claims. These methods analyze the claim data patterns,
policyholder behavior, and other factors to predict and flag
suspicious and fraudulent activities, aiding insurance com-
panies in efficiently managing fraud and saving them from
losses.
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Automobile insurance fraud represents a pivotal percentage
of property insurance companies’ costs and affects the com-
panies’ pricing strategies and social economic benefits in the
long term. As the fraud types and patterns are evolving day
by day, it is important to have a clear understanding of how
different technologies are used for fraud detection.

There are different aspects to solve while detecting frauds in
car insurance claims. Aslam et al.? conducted a study which
presents a comprehensive framework for detecting auto insur-
ance fraud using machine learning (ML) models. Their ob-
jective was to to build an effective and accurate fraud detec-
tion model for the auto insurance industry using Al and ML
techniques. They used a publicly available dataset of US auto
insurance claims with 33 features. They applied boruta algo-
rithm to identify 9 significant features (e.g. Fault, Base Policy,
Age of Policyholder). ML models used in the study were Lo-
gistic Regression (LR), Support Vector Machine (SVM) and
Naive Bayes (NB). SVM had the highest accuracy (94%) and
specificity (99.77%). Logistic Regression performed best on
recall (42.25%), F1-score (29.26%), and sensitivity (42.25%).
Naive Bayes had the highest precision (23.07%). Their limita-
tion is they focused only on US-based auto insurance data. Fi-
nally they suggested expanding to other regions and applying
advanced techniques like: Deep learning, Ensemble models
and PCA and genetic algorithms for better feature engineer-
ing.

Wang et al.®' conducted a study which proposes an inno-
vative approach for detecting fraudulent automobile insurance
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claims by combining Latent Dirichlet Allocation (LDA) with
Deep Neural Networks (DNNs). Their objective was to en-
hance the accuracy of insurance fraud detection by integrating
text mining (using LDA) with deep learning, especially fo-
cusing on unstructured text data in insurance claims. They
incorporated textual descriptions which traditionally ignore
text description in claims, and used LDA to extract topics
(e.g. accident details, responsibility, damage). These topics
are used as additional features for the detection model. They
used a deep neural network (DNN) that uses both structured
data (numeric/categorical) and LDA-generated topics. The
DNN learns complex patterns for better fraud detection. For
the dataset, they used real-world data with 37,082 insurance
claims (only 415 were fraudulent). DNN with LDA outper-
formed both RF and SVM, showing accuracy of 91.4%, pre-
cision of 91.7% and F1-score of 91.3%. On comparing DNN
without LDA, the accuracy improved by 6.8%, F1 by 7.2%.
Their study confirms that combining LDA topic modeling (for
textual claim descriptions) with deep learning provides a more
powerful tool for detecting automobile insurance fraud than
traditional methods.

Both studies did not provide separate performance metrics
for the fraud and non-fraud classes. In such a highly im-
balanced dataset, fraudulent classes are underrepresented and
reporting only aggregate metrics can be highly misleading.
Their precision, recall and F1 scores appear very impressive
but are highly influenced by the dominant non-fraud class.
Their models’ high overall accuracy may primarily reflect the
model’s performance on the majority class (non-fraud). To
make well-informed decisions in practical applications, espe-
cially in high-stakes areas like insurance fraud, it’s essential
to evaluate and report performance metrics separately for each
class, particularly focusing on recall and precision for the mi-
nority (fraudulent) class.

Chawla et al.# introduced the Synthetic Minority Oversam-
pling Technique (SMOTE), which generates synthetic samples
by interpolating between minority class instances instead of
simply duplicating them. This approach proved effective in
addressing skewed class distributions across a wide range of
domains, including fraud detection. Building on this, Chawla
et al.” proposed SMOTEBoost, which integrates SMOTE into
the boosting framework to enhance the predictive performance
of minority class detection. Their work demonstrates that
resampling strategies combined with ensemble learning can
significantly improve detection rates of fraudulent instances,
complementing the SMOTE-based experiments presented in
this study.

Subsequent research has emphasized that integrating over-
sampling methods with ensemble learners leads to more robust
fraud detection models. Batista et al. and later works showed
that combinations such as SMOTE with bagging or boosting
provide superior recall rates for minority classes while main-

taining stability in overall accuracy. Such findings align with
the outcomes observed in our study, where Random Forest
and XGBoost achieved high performance when applied to re-
sampled data. This supports the conclusion that ensembles
paired with data-balancing methods form an effective strategy
for handling the imbalance in insurance claim datasets.

In contrast to data-level solutions, cost-sensitive learning
directly incorporates class imbalance considerations into the
training process by assigning higher penalties to misclassified
fraudulent claims. Araf et al.” highlighted that cost-sensitive
methods often outperform naive oversampling by avoiding the
introduction of synthetic noise, especially in cases where false
negatives are particularly costly. For insurance fraud detec-
tion, where undetected fraudulent claims result in significant
financial losses, this approach represents a viable alternative
to resampling. Although not implemented in this study, cost-
sensitive algorithms are an important direction for future re-
search.

Another promising direction involves algorithm-level ad-
justments through modified loss functions. Lin et al.® intro-
duced focal loss to focus model training on hard-to-classify
examples, thereby improving performance on rare events
without altering the data distribution. More recent work has
extended this idea with multi-stage focal loss adaptations tai-
lored for highly imbalanced financial datasets. These methods
provide a model-centric solution to imbalance, making them
an attractive alternative or complement to oversampling and
cost-sensitive approaches for insurance fraud detection.

Recent review articles emphasize that the most effective
fraud detection frameworks combine multiple strategies, in-
cluding data augmentation, cost-sensitive learning, and en-
semble modeling. Araf et al.” and related surveys high-
light that hybrid methods not only balance predictive accuracy
and recall but also improve generalizability across datasets.
Such findings validate the methodology applied in this paper,
where SMOTE, ensemble models, and interpretability tech-
niques such as SHAP were jointly leveraged. This supports
the broader consensus that a multi-pronged approach is essen-
tial for effectively tackling the challenges of fraud detection in
imbalanced domains.

Building upon this, recent studies from 2023 to 2025 have
introduced advanced frameworks that further enhance the ef-
fectiveness of fraud detection systems through hybrid and in-
terpretable learning approaches. Nabrawi? demonstrated that
applying both machine learning and deep learning methods,
combined with class rebalancing strategies such as SMOTE,
significantly improves fraud identification accuracy in health-
care insurance claims. du Preez'? conducted a comprehen-
sive review of fraud detection models and emphasized that en-
semble learning and data augmentation are central to address-
ing class imbalance and generalizability challenges in imbal-
anced datasets. Similarly, Curtis et al. U reviewed distinct ma-
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chine learning classifiers used for healthcare fraud detection,
highlighting that hybrid and cost-sensitive models outperform
traditional single-algorithm systems. Matloob et all2 ad-
vanced this direction by developing adaptive deep learning ar-
chitectures that dynamically adjust to emerging fraud patterns,
demonstrating improved model adaptability across domains.
Furthermore, Gupta et all3 proposed integrating blockchain
technology with machine learning for insurance claim man-
agement, showing that secure, traceable data pipelines can en-
hance the reliability and interpretability of automated fraud
detection frameworks. Collectively, these recent works re-
inforce the shift toward hybrid, explainable, and data-centric
approaches—consistent with the multi-pronged methodology
applied in this study.

The objective of this study is to analyse and identify which
factors are significant to determine whether a car insurance
claim is fraudulent or not. We also aim to develop an ef-
fective simple, yet predictive model to identify the fraud car
insurance claims from not fraud with reasonable degree of ac-
curacy. Lastly, we aim to use different sampling techniques
to help understand which techniques work best for imbalance
datasets. This will help companies in predicting whether a
claim is fraudulent or not and save themselves from huge fi-
nancial losses. This paper will break down all the steps so that
future aspirants get to know about Al fraud detection in detail
and how it works in real life scenarios.

Dataset

The dataset consists of 15,419 car insurance claims Kapoor
(2025). Out of the 15,419 claims, 923 are fraud and 14,496
are non fraud indicating a high imbalance. The dataset con-
tains 32 columns each one has its own purpose related to fraud
found. The columns are categorized as time period, vehi-
cle, driver, accident, policy and claims. Time period includes
month , week of the month , day of the week , day of the week
claimed , month claimed , week of month claimed. Vehicle
includes vehicle category , vehicle price , make of vehicle ,
number of cars and age of vehicle. Policy and claim includes
policy type , policy number , age of policyholder , base policy
, fault , rep number , agent type , address change claim , past
number of claims , days of policy accident , days of policy
claim and age of policyholder. Driver includes driver rating ,
age , sex , deductible , marital status and fraud found. Acci-
dent includes area of accident , year , number of supplements
, police report filed and witness present.

Exploratory Data Analysis

In this section, we explore different variables of the dataset
and study their relationship to understand their significance
in detecting fraud claims. The aim is to understand patterns,

trends and relationships between variables. Understanding the
patterns can help us to build an effective model.

FigureT]illustrates count distribution of fraud and non fraud
insurance claims. It appears that out of the 15419 claims, 923
are fraud and 14496 are non fraud indicating a significant data
imbalance.

Figure [2]illustrates count distribution of fraud found or not
based on the accident area. It appears that in urban areas there
are 2 non-fraud claims and 790 fraud claims , whereas in ru-
ral areas there are very less non-fraud claims being 1464 and
fraud claims being 133. This shows that there are most of the
frauds happening in urban areas and very less happening in
rural areas. This is due to the fact that there are a lot of claims
made in urban areas.

Figure [3]illustrates count distribution of fraud found or not
based on marital status. It shows that there are 4510 non-fraud
claims in the combined category of unmarried including sin-
gle, widow and divorced while fraud claims add up to 284.
In the married category, there are 9986 non-fraud claims and
639 fraud claims. It shows that married people are committing
more frauds than single people. It is evident that there is not
enough data in the widow and divorced categories so it makes
sense to group with singles.

Figure []illustrates the count distribution of fraud found or
not based on the number of cars. It appears that in 1 vehi-
cle category there are 13465 non-fraud claims and 850 fraud
claims. In the 2 vehicle category, there are 666 non-fraud
claims and 43 fraud claims. In the 3 to 4 vehicle category,
there are 343 non-fraud claims and 29 fraud claims. Lastly
in the 5 + vehicle category, there are a total of 22 non-fraud
claims and 1 fraud claim. This shows a huge imbalance in the
vehicle categories where there are a lot of 1 vehicle claims and
insurance claims drastically reduces when the number of cars
increases.

Fraud Count by FraudFound
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Fig. 1 Distribution of fraudulent vs. legitimate claims, highlighting
the extreme class imbalance. 15
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Fig. 2 Fraud detection distribution across urban and rural areas,

showing a slightly higher fraud ratio in urban claims. 13
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Fig. 3 Fraud distribution by marital status, with unmarried
policyholders showing marginally higher fraud incidence. 2
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Fig. 4 Fraud distribution by number of cars owned, suggesting
households with multiple cars file more fraudulent claims. ¥
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Fig. 5 Fraud distribution across vehicle makes, showing

concentration in a few popular brands but no strong fraud
correlation. 5!
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Fig. 6 Fraud distribution by insurance agent type, with independent
agents associated with slightly higher fraud cases.!
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Fig. 7 Fraud distribution by vehicle age, with older cars
disproportionately represented in fraudulent claims. ™3
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Fig. 8 Fraud distribution by policyholder age, showing higher fraud Fig. 11 Fraud distribution by vehicle price, with mid-range vehicles
incidence in claimants aged 30-40.15 showing a greater proportion of fraudulent claims. 13
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Fig. 9 Fraud distribution by day of week claims were filed, peaking Fig. 12 Fraud distribution across policy types, indicating
on Mondays and Fridays, possibly reflecting reporting behavior. 13 comprehensive policies correlate with more fraudulent claims. 13
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. . . claimants with multiple prior claims are more likely to commit
the insured was at fault strongly linked to fraud detection. fraud
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Fig. 14 Fraud distribution by police report filing, suggesting fewer
police reports are associated with higher fraud likelihood. =
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Fig. 15 Fraud distribution across vehicle categories, with sedans
showing slightly elevated fraud incidence 13
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Fig. 16 Fraud distribution by witness availability, with absent
witnesses correlated to higher fraud probability.

Figure [5]illustrates the count distribution of fraud found or
not based on car’s make. It appears that the maximum contri-
bution of claims are from Honda , Toyota , Chevrolet , Pontiac
, Mazda and Ford. The detailed breakdown of them is : Non-
fraud claims of Toyota are 2935 and fraud claims are 186 ,
Non-fraud claims of Honda are 2621 and fraud claims are 179
, Non-fraud claims of Pontiac are 3624 and fraud claims are
213, Non-fraud claims of Mazda are 2231 and fraud claims
are 123 , Non-fraud claims of Chevrolet are 1587 and fraud
claims are 94. Non-fraud claims of Ford are 417 and fraud
claims are 33. While non fraud claims from others total up to
1498 claims and fraud claims total up to 308 claims which is
a very less number of claims from these many companies. It
can be inferred that most of the car insurance non-fraud/fraud
claims are happening in Honda , Toyota , Chevrolet , Pontiac
, Mazda and Ford.

Figure [6] illustrates the count distribution of fraud found or
not based on insurance agent type. It appears that in external
agent non-fraud claims are 14259 and fraud claims are 919 and
in internal agent non-fraud claims are 237 and fraud claims
are 4. It can be inferred that people who have external agents
have higher chances of committing a fraud insurance claim
than people who have internal agents.

Figure [7]illustrates the count distribution of fraud found or
not based on age of vehicle. It appears that most of the claims
are from vehicles which are 5 years to more than 7 years old.
Non fraud claims of 5 years old vehicle are 1262 and of fraud
claims are 95 , non-fraud claims of 6 years old vehicle are
3220 and of fraud claims are 228 , non fraud claims of 7 years
old vehicle are 5482 and of fraud claims are 325 and Non fraud
claims of more than 7 years old vehicle are 3375 and of fraud
claims are 206. While non fraud claims of vehicles less than 5
years add up to 757 and fraud claims add up to 132. It can be
inferred that insurance claims of newer vehicles are not likely
to be fraud as compared to vehicles aging more than 5 years.

Figure [§]illustrates the count distribution of fraud found or
not based on age of policyholder. It appears that most of the
policyholders are from ages 31 to 65. Non fraud claims of age
31 to 35 are 5233 and fraud claims are 360 , non fraud claims
of age 36 to 40 are 3806 and fraud claims are 237 , non fraud
claims of age 41 to 50 are 2684 and fraud claims are 144 and
non fraud claims of age 51 to 65 are 1322 and fraud claims
are 70. While non fraud claims of ages below 30 and above
65 add up to 1451 and fraud claims are 112. It can be inferred
that insurance claims which are most likely to be fraud are
from ages 31 to 65.

Figure O] illustrates the count distribution of fraud found or
not based on day of week claimed. It appears that most car
insurances are claimed on weekdays rather than weekends by
a huge difference. Non-fraud claims on weekdays are 14430
and fraud claims are 910 while non fraud claims on weekends
are 166 and fraud claims are 13. It can be inferred that insur-
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ance claims are likely to be fraud on weekdays due to lack of
claims on weekends. It is rare to see fraud claims made on
weekends.

Figure [10] illustrates the count distribution of fraud found
or not based on fault. It appears that more claims are made
through policyholders than third parties but there is a better
ratio of legitimate claims made through third parties than pol-
icyholders. Non-fraud claims of policyholders are 10343 and
fraud claims are 886. While non-fraud claims of third par-
ties are 4153 and fraud claims are 37. It can be easily inferred
that claims made through third-party are safer than those made
through policyholders.

Figure [11] illustrates the count distribution of fraud found
or not based on vehicle price. It appears that most insurance
claims are made on vehicles priced 20k to 39k and more than
69k. Non-fraud claims of less than 20k are 993 and fraud
claims are 103 , non-fraud claims of 20k-29k are 7658 and
fraud claims are 421 , non-fraud claims of 30k-39k are 3358
and fraud claims are 175 , non-fraud claims of 40k-59k are
430 and fraud claims are 31 , non-fraud claims of 60k-69k
are 83 and fraud claims are 4 and lastly non-fraud claims of
more than 69k are 1974 and fraud claims are 189. It can be
inferred that most insurance claims are from prices 20k to 39k
and more than 69k having much fewer frauds compared to
non-fraud indicating a better ratio than vehicles priced 20k to
39k.

Figure[I2)illustrates the count distribution of fraud found or
not based on policy type. It appears that most insurance claims
are being made in policy types of sedan-liability , sedan-all
perils and sedan-collisions. Non-fraud claims of Sedan - Lia-
bility are 4951 and fraud claims are 36 , non-fraud claims of
Sedan-Collision are 5200 and fraud claims are 384 and non-
fraud claims of Sedan-All Perils are 3675 and fraud claims are
411. Non-fraud claims of all policy types of utility add up to
347 and fraud claims add up to 44. Non-fraud claims of all
policy types of sports add up to 323 and fraud claims add up
to 48. It can be inferred that Sedan-Liability having the second
highest number of fraud claims has just 36 fraud claims being
the lowest indicating a legitimate , non-fraud record. Sports
and Utility cars have a much lower number of claims both be-
ing legitimate and fraud. Sedan-All Perils have the least num-
ber of non-fraud claims out of all sedan policy types, yethas
most number of fraud claims making it at 411 fraud claims.

Figure (13| illustrates the count distribution of fraud found
or not based on past number of claims. Non-fraud claims of
none past number of claims are 4012 and fraud claims are 339
, non-fraud claims of 1 past claim are 3351 and fraud claims
are 222 , non-fraud claims of 2 to 4 past claims are 5191 and
fraud claims are 294 and non-fraud claims more than 4 claims
are 1942 and fraud claims are 68.

Figure (14| illustrates the count distribution of fraud found
or not based on a police report filed. It appears that most of

the claims are made when no police report is filed. Non-fraud
claims of no police report filed are 14084 and fraud claims are
412 while non-fraud claims of police report filed are 907 and
fraud claims are 16. It can be inferred that it is most likely a
claim is fraud when no police report is filed.

Figure[I5]illustrates the count distribution of fraud found or
not based on vehicle category. It appears that most claims are
made of sedans and sports. Non-fraud claims of the sedan are
8875 and fraud claims are 795 , non-fraud claims of sports are
5274 and fraud claims are 84 and non-fraud claims of utility
are 347 and fraud claims are 44. It can be inferred that most
fraud/legit claims are from sedans and also sport car claims
are very less likely to be fraud.

Figure [I6]illustrates the count distribution of fraud found or
not based on witness present. It appears that majority claims
are made when no witness is present. Non-fraud claims when
witness is not present are 14412 and fraud claims are 920
while non-fraud claims when witness is present are 84 and
fraud claims are 3. It can be inferred that it is rare a fake car
insurance claim is made when a witness is present and many
claims legitimate or not are made when no witness is present
as no one is there to validate the legitimacy of the claim.

Methodology

Data Preprocessing

The dataset has numerous categorical features requiring nu-
meric transformation. The algorithm of the models need nu-
meric values to perform their operations on. Hence comes en-
coding which achieves this conversion. In this section of the
paper , we go through all the encoding of the factors which is
the first step of data preprocessing.

Binary Encoding is a technique for converting categorical
(non-numeric) data which can be classified into 2 categories
into a binary (0s and 1s) format so it can be used by machine
learning models. In this dataset the following features are bi-
nary encoded - Accident Area , Marital Status , Sex , Fault
, Police Report Filed , Witness Present , AgentType , Fraud-
Found and DayOfWeekClaimed as shown in Table [T} Ordi-
nal Encoding is a technique for converting categorical (non-
numeric) data which can be classified based on ranks. In this
dataset the following features are ordinally encoded - Month ,
MonthClaimed , PastNumberOfClaims , AgeOfVehicle , Age-
OfPolicyHolder , Number Of Supplements , AddressChange-
Claim and NumberOfCars as shown in Table[1]

One-hot encoding is a method used to convert categorical
data into a numerical format suitable for machine learning
algorithms. It creates a new binary column for each unique
category, where only one column is marked with a 1 (hot) to
indicate the presence of a specific category, and the rest are
set to 0. This avoids any ordinal relationship between cate-
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Table 1 Categorical features encoding

Categorical Feature Subcategories Encoding
Accident Area Urban =0, Rural = 1
Marital Status Single, Widowed, Divorced = 0, Married = 1
Sex Male = 0, Female = 1
Fault Policy Holder = 0, Third Party =1
Police Report Filed No=0, Yes=1 Binary
Witness Present No=0, Yes=1
Agent Type External = 0, Internal = 1
Fraud Found No=0, Yes=1
Day of Week Claimed Weekdays (Mon, Tue, Wed, Thur, Fri) = 0, Weekend (Sat,
Sun) =1
Month Jan, Feb, Mar, Apr, May, Jun, Jul, Aug, Sep, Oct, Nov,
Dec
Month Claimed Jan, Feb, Mar, Apr, May, Jun, Jul, Aug, Sep, Oct, Nov,
Dec Ordinal
Past Number of Claims None, 1, 2-4, More than 4
Age of Vehicle New, 2 years, 3 years, 4 years, 5 years, 6 years, 7 years,
More than 7 years
Age of Policyholder 16-17, 18-20, 21-25, 26-30, 31-35, 3640, 3640, 41—
50, 51-65, Over 65
Number of Supplements None, 1-2, 3-5, More than 5
Address Change Claim No change, Under 6 months, 1 year, 2-3 years, 4-8 years
Number of Cars 1 vehicle, 2 vehicles, 3—4, 5-8, More than 8
Make Accura, Honda, BMW, Chevrolet, Ford, Dodge, Fer-
rari, Jaguar, Lexus, Mazda, Mercedes, Nisson, Pontiac,
Porsche, Saab, Saturn, Toyota, VW
PolicyType Sedan All Perils, Sedan Collision, Sedan Liability, Sport | One-Hot
All Perils, Sport Collision, Sport Liability, Utility All
Perils, Utility Collision, Utility Liability
Vehicle Category Sedan, Utility, Sport
Vehicle Price 2029k, 30-39k, 40-59k, 60-69k, Less than 20k, More
than 69k
Days Policy Accident None, 1 to 7, 8 to 15, 15 to 30, More than 30
Days Policy Claim 8 to 15, 15 to 30, More than 30
Base Policy All Perils, Collision, Liability

gories. One-hot encoding is very useful when categories have
a lot of unique values. In this dataset the following features
are one hot encoded - Make , PolicyType , VehicleCategory ,
VehiclePrice , Days:Policy-Accident , Days:Policy-Claim and
BasePolicy as shown in Table/]]

Models and Evaluation Metrics

The dataset is split into training and testing subsets using an
80/20 ratio, where 80% of the data is used to train the model
and the remaining 20% is reserved for evaluating its perfor-
mance on unseen examples. Because the classes are imbal-
anced, we apply a stratified split so that both the training and

test sets preserve the original class proportions. This helps
prevent the model from overfitting to the majority class dur-
ing training and ensures that evaluation metrics on the test set
reflect real-world class frequencies.

Models used in this study were Logistic Regression model
, KNN model , Decision Tree model , Random Forest model
and XGBoost model. Logistic regression is a model is a clas-
sification algorithm used to predict the probability of a binary
outcome. Its pros are it is simple and interpretable , fast and
efficient and works well with linearly separable data while its
cons are it requires scaling of features , does not perform well
for complex datasets and works well only with binary analy-
sisHol
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Table 2 Models hyperparameters and their ranges

Model Parameter Range
n_estimators 50, 100]
learning_rate 0.01,0.05,0.1,0.2,0.3]
subsample 0.5,0.6,0.7,0.8,0.9

XGBoost colsample_bytree 0.5,0.6,0.7,0.8,0.9
Tambda 0,0.01,0.1,1,10
alpha 0,0.01,0.1,1,10
scale_pos_weight 1,10,50,100]
n_estimators 100, 500]

Random Forest min_samples_split (50,100, 10)
max_features (10,70,5)

K-Nearest Neighbors (KNN) is a non-parametric, instance-
based machine learning algorithm used for classification and
regression. Its pros are it requires no training step , simple
to implement and adapts well with dataset while its cons are
it becomes slow with large dataset , memory intensive as it
needs to store entire training data and its performance drops
with high dimensional data’”. Random Forest is an ensemble
learning method that builds multiple decision trees and com-
bines their outputs to improve prediction accuracy and reduce
overfitting. Its pros are it is highly accurate , handles large
and high dimension datasets and reduces overfitting while its
cons are it is less interpretable than a single tree , uses large
memory and it is slow*®.

XGBoost (Extreme Gradient Boosting) is a powerful, scal-
able, and efficient implementation of the Gradient Boosting
algorithm. It’s used for classification, regression, and ranking
problems. Its pros are its performance is high , fast and effi-
cient and handles missing values while its cons are it is com-
plex and harder to tune, less interpretable and it trains slowly
on large datasets'.

To evaluate the performance of the models, we used train
and test precision, recall and f1 score metrics. Precision is the
proportion of predicted positive cases that are actually cor-
rect. Precision = (True Positives) /(True Positives + False Pos-
itives). High precision means few false positives and more
true positives. Recall is the proportion of actual positive cases
that were correctly predicted. Recall = (True Positives) /(True
Positives + False Negatives). High recall means few false neg-
atives. Fl-score is the harmonic mean of precision and recall.
Fl-score = 2 X (Precision X Recall) / (Precision + Recall).
It balances precision and recall and it is useful when there is
imbalance between classes. PR-AUC (Precision-Recall Area
Under the Curve) summarizes the trade-off between preci-
sion and recall across different threshold values; a higher PR-
AUC indicates better performance in distinguishing positive
and negative classes, especially in imbalanced datasets.

Overfitting leads to a model that performs well during train-

ing but poorly in testing. Using test performance and metrics
like precision, recall, and F1-score ensures that the model is
not just accurate, but also reliable and predictive. A good fit
model includes high training accuracy with high test accuracy
, overfitting includes high training accuracy with low test ac-
curacy and underfitting includes low training accuracy with
low test accuracy.

Hyperparameter Tuning

Hyperparameter tuning of a model is the process of finding
the best combination of hyperparameters for a machine learn-
ing model to improve its performance. Grid search is a hy-
perparameter tuning technique that tries all possible combina-
tions of the hyperparameters and gives the combination which
gives the best model performance?’. During hyperparameter
tuning, we apply 3-fold stratified cross-validation on the train-
ing split using GridSearchCV. At each iteration, the training
data is partitioned into three stratified folds that preserve the
original class proportions; the model is trained on one fold and
validated on the other, then the roles are swapped in the next it-
eration. Performance is averaged across folds to robustly esti-
mate generalization and select the best hyperparameters. This
procedure is confined to the training data to avoid informa-
tion leakage, after which the final model is to refit on the full
training set and evaluate once on the held-out test set.

As baselines, we trained Logistic Regression and k-Nearest
Neighbors using their default hyperparameters (applying
feature scaling for KNN to ensure distance computations
are meaningful). These uncomplicated setups provide a
transparent reference point for model capacity and data
separability without the confounding effects of extensive
tuning. Comparing their results to hyperparameter ensemble
based models highlights the incremental value of non-linear
decision boundaries and built-in feature interactions, making
any performance gains from the tree-based approaches clear
and attributable. In this study, following parameters of the
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XGBoost model were tuned: n_estimators, lambda, alpha,
scale_pos_weights, subsample, learning rate and colsam-
ple_bytree as shown in Table [2] n_estimators tells the number
of trees to be built in the model (i.e., boosting rounds),
lambda includes L2 regularization term on weights to prevent
overfitting, alpha includes L1 regularization term on weights
to encourage sparsity, scale_pos_weight balances positive and
negative classes, useful for imbalanced datasets, subsample
are fractions of training data used for each boosting round to
prevent overfitting, learning_rate shrinks the contribution of
each tree to make learning more robust (also called eta) and
colsample_bytree is fraction of features randomly sampled for
each tree to reduce overfitting. Range of n_estimators
is  [50,100], learningrate is [0.01,0.05,0.1,0.2,0.3],
subsample is [0.5,0.6,0.7,0.8,0.9], colsample_bytree is
[0.5,0.6,0.7,0.8,0.9], lambda is [0,0.01,0.1,1,10], alpha is
[0,0.01,0.1, 1, 10] and scale_pos_weight is [1, 10,50, 100].

In this study, following parameters of the Random For-
est model were tuned: n_estimators, min_samples_split,
max_features and class_weight as shown in Table [2]
min_samples_split is the minimum number of samples re-
quired to split an internal node, max_features is the maxi-
mum number of features to consider when looking for the
best split and class_weight assigns weights to classes to han-
dle imbalanced data. The range of n_estimators is [100,500],
min_samples_split is range (50,100,10), max_features is
range(10,70,5) and class_weight is balanced.

Handling Data Imbalance

To mitigate the data imbalance , we explored different tech-
niques such as class weight balancing, undersampling and
oversampling + undersampling.

Using class weights with the original dataset is a tech-
nique to handle class imbalance without modifying the data
itself. Instead of generating new samples or duplicating exist-
ing ones, you assign more importance (weight) to the minority
class during model training. This means the model will treat
mistakes on the minority class as more costly than those on the
majority class. As a result, it becomes more sensitive to the
underrepresented class, improving its ability to predict it cor-
rectly. This approach keeps the data distribution unchanged,
is efficient, and reduces the risk of overfitting.

Undersampling is a technique used to handle imbalanced
datasets by reducing the number of samples in the majority
class so that it becomes more balanced with the minority class.
This technique is used when the model is biased towards the
majority class due to the large number of majority class as
compared to minority class. Its accuracy is very low for mi-
nority classes.

Oversampling + Undersampling is a technique used to han-
dle imbalanced datasets by increasing the number of minority

classes and reducing the number of majority classes till both of
them are equal. SMOTE (Synthetic Minority Over-sampling
Technique) is a method used to handle imbalanced datasets by
creating synthetic examples of the minority class rather than
simply duplicating them?!., ADASYN (Adaptive Synthetic
Sampling) is an extension of SMOTE that focuses on gener-
ating more synthetic samples for minority class instances that
are harder to learn, based on the density distribution of the
data. This helps the model pay more attention to complex or
ambiguous regions in the dataset!. In our study, we imple-
mented and compared both SMOTE and ADASYN to evaluate
which method resulted in better model performance.

Feature Importance Analysis

We are doing feature importance analysis to understand how
different features affect the model’s prediction on fraud and
non-fraud claims. Feature importance analysis aims to iden-
tify which input features have the most influence on a ma-
chine learning model’s predictions. This helps improve model
interpretability, aids in feature selection, and allows us to un-
derstand what factors are driving outcomes. By highlighting
the most relevant features, it can also improve model perfor-
mance, reduce overfitting, and guide decisions in critical fields
like healthcare, finance, and policy.

One powerful method for feature importance analysis is
SHAP (SHapley Additive exPlanations), which is based on
cooperative game theory. SHAP assigns each feature an im-
portance value for a particular prediction by calculating how
much each feature contributes, on average, to the change in
model output across all possible combinations of features. Un-
like simpler methods, SHAP provides local explanations (per
prediction) as well as global insights (overall feature impact),

offering a comprehensive view of model behavior2?.,

Results and Discussion

We are presenting the results of original imbalance data with
balanced class weights then undersampled and lastly of the
oversampled data.

Table[3]results compare three models - Logistic Regression,
XGBoost, and Random Forest on their ability to detect fraud
(the minority class) versus non-fraud (majority class). Across
all models, performance on the “Not Fraud” class is consis-
tently high in terms of precision, recall, and F1-score for both
training and test sets. However, significant differences arise in
detecting “Fraud”, which is much harder due to class imbal-
ance.

Logistic Regression and KNN perform poorly on the fraud
class, showing 0.00 F1-scores on test data, indicating they fail
to correctly identify fraud cases. XGBoost shows improved
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Table 3 Summary of evaluation metrics of tuned models using original imbalance data with balanced class weights

Model Train/Test| Label Precision | Recall F1 ROC- PR- Samples
AUC AUC
Train Not Fraud 0.94 1.00 0.97 11597
Train Fraud 0.00 0.00 0.00 738
Logistic Regression 0.80 0.162
Test Not Fraud 0.94 1.00 0.97 2889
Test Fraud 0.00 0.00 0.00 185
XGBoost Train Not Fraud | 0.99 1.00 1.00 11597
“alpha’: 0.1
"colsample_bytree’: 0.8 .
Jambda’: 0 Train Fraud 0.98 0.88 0.93 738
o 0.971 0.675
’learning_rate’: 0.3
Lestimators’: 50 Test Not Fraud 0.96 0.99 0.98 2889
’scale_pos_weight’: 1
*subsample’: 0.9 Test Fraud 0.78 0.37 0.50 185
Train Not Fraud 1.00 0.94 0.97 11597
Random Forest
class_weight’: balanced Train Fraud 0.50 0.96 0.65 738
’max_features’: 40 0.926 0.454
"min_samples._split’: 50 Test Not Fraud 0.98 0.92 0.95 2889
“n_estimators’: 100
Test Fraud 0.35 0.70 0.46 185

performance, especially in training (F1 = 0.93) with its preci-
sion of 0.98 and recall of 0.88, but its fraud detection drops
significantly on the test set (F1 = 0.50) with its precision of
0.78 and recall of 0.37. The Random Forest model shows
the best generalization, with a Fraud class test Fl-score of
0.46, maintaining a balance between precision (0.35) and re-
call (0.70). This suggests that class balancing and hyperpa-
rameter tuning in Random Forest helped the model better gen-
eralize fraud detection without severely sacrificing accuracy
on the majority class. In terms of PR-AUC, which evaluates
the trade-off between precision and recall across thresholds,
Logistic Regression achieved a very low score of 0.162, indi-
cating poor discrimination of the fraud class. Random Forest
improved moderately with a PR-AUC of 0.454, while XG-
Boost achieved the highest PR-AUC of 0.675, showing its
superior ability to distinguish between fraudulent and non-
fraudulent cases. Overall, the results highlight the challenge
of fraud detection in original data with no sampling technique.

F1 Compaiison Across Models and Sampling Methods

gl L et
Sampling Method

Fig. 17 Fl-score comparison across all 3 models and sampling
methods.

Table [] presents the comparison of three models - Logis-
tic Regression, XGBoost Model and Random Forest Model
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Table 4 Summary of evaluation metrics of tuned models using undersampled approach

Model Train/Test| Label Precision | Recall F1 ROC- PR- Samples
AUC AUC

Train Not Fraud 0.84 0.64 0.73 738

Train Fraud 0.71 0.88 0.79 738
Logistic Regression 0.766 0.718

Test Not Fraud 0.78 0.59 0.67 185

Test Fraud 0.67 0.83 0.74 185
XGBoost
e 008 Train Not Fraud | 0.93 0.67 0.78 738
“colsample.bytree’: 0.6 Train Fraud 0.74 0.95 0.83 738
’lambda’: 0.01 0.822 0.791
"learning rate’: 0.01 Test Not Fraud 091 0.59 0.72 185
’n_estimators’: 100
, . Test Fraud 0.70 0.94 0.80 185
subsample’: 0.9

Train Not Fraud 0.94 0.67 0.78 738
Random Forest
class-weight’: "balanced’ Train Fraud 0.74 0.96 0.84 738
’max_features’: 60 0.83 0.8
’minfsamp]esisplit’; 50 TeSt NOt Fl‘aud 091 0.60 072 185
’n_estimators’: 500

Test Fraud 0.70 0.94 0.80 185

ROC-AUC Comparison Across Models and Sampling Methods

10
W Logistic Regression

- XGBoost
== Random Forest

ROC-AUC

Original Undersampled
sampling Method

Oversampled

Fig. 18 ROC-AUC comparison across all 3 models and sampling
methods.

based on precision, recall, and F1 scores for fraud detection re-
veals notable differences in performance between algorithms
and across training and test sets. Logistic Regression shows
moderately balanced performance, with a fraud recall of 0.88
on the training set but a significant drop to 0.67 on the test set,
suggesting potential overfitting. KNN performs worst overall,
with low precision and recall on both training and test sets for
the fraud class (test F1 score of only 0.48), indicating its inef-
fectiveness in capturing patterns of fraudulent claims. Based

on PR-AUC scores, Logistic Regression achieved 0.718, Ran-
dom Forest 0.8, and XGBoost 0.791, indicating that while
all three models were able to learn meaningful discrimination
after undersampling, Random Forest demonstrated the high-
est PR-AUC score. XGBoost also performed competitively,
whereas Logistic Regression scored comparatively less.

XGBoost and Random Forest outperform the others in
terms of generalization and fraud detection. XGBoost, using
tuned hyperparameters, achieves strong recall (0.94), preci-
sion (0.70) and F1 score (0.80) for fraud in the test set, sug-
gesting it effectively identifies fraudulent claims without too
many false positives. The Random Forest model, with a high
number of estimators and balanced class weights, yields con-
sistent and robust performance, achieving a fraud F1 score of
0.80 on the test set same as XGBoost model. Overall, tree-
based ensemble methods (XGBoost and Random Forest) sig-
nificantly outperform linear and distance-based classifiers in
detecting fraudulent car insurance claims.

Table[3results compare three models - Logistic Regression,
XGBoost, and Random Forest show better balance between
detecting fraud and non-fraud compared to the original data.
Logistic Regression demonstrates decent generalization with
a Fraud class test Fl-score of 0.20, though it struggles with
recall (0.16), indicating it misses many actual fraud cases. The
KNN model performs better on training data but suffers on the
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Table 5 Summary of evaluation metrics of tuned models using oversampled SMOTE approach

Model Train/Test| Label Precision | Recall F1 ROC- PR- Samples
AUC AUC
Train Not Fraud 0.86 0.95 0.90 5798
Train Fraud 0.94 0.85 0.89 5798
Logistic Regression 0.777 0.254
Test Not Fraud 0.90 0.94 0.92 1450
Test Fraud 0.27 0.16 0.20 185
XGBoost
ALBO0S Train Not Fraud | 0.99 0.99 0.99 5798
alpha’: 0.01
“colsample.bytree’: 0.8 Train Fraud 0.99 0.98 0.99 5798
"lambda’: 0.01 0.822 0.343
"learning.rate’: 0.3 Test Not Fraud 0.91 0.94 0.92 1450
’n_estimators’: 100
. .. Test Fraud 0.35 0.24 0.28 185
subsample’: 0.8
Train Not Fraud 0.92 0.97 0.94 5798
Random Forest
“class-weight: "balanced’ Train Fraud 0.97 0.92 0.94 5798
"max_features’: 40 0.822 0.378
*min_samples_split’: 50 Test Not Fraud 0.91 0.95 0.93 1450
"n_estimators’: 100
Test Fraud 0.43 0.29 0.34 185

PR-AUC Comparison Across Models and Sampling Methods
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Fig. 19 PR-AUC comparison across all 3 models and sampling
methods.

test set, especially for “Not Fraud” (F1 = 0.77) and “Fraud”
(F1 = 0.28), suggesting possible overfitting. In terms of PR-
AUC, all three models achieved relatively low scores, with
Logistic Regression obtaining the lowest PR-AUC of 0.254,
Random Forest achieving the highest PR-AUC of 0.378, and
XGBoost attaining a moderate PR-AUC of 0.343.

XGBoost delivers high training scores, nearly perfect for
both classes, but its performance drops on the test set espe-
cially for fraud detection (F1 = 0.28), precision of 0.35 and

recall of 0.24 reflecting some overfitting. Still, its overall pre-
cision and recall are higher than the simpler models. Ran-
dom Forest stands out with the highest Fraud class F1-score
on the test set (0.34), showing a better balance between pre-
cision (0.43) and recall (0.29). It also maintains strong “Not
Fraud” classification. This suggests that its handling of class
imbalance (class weight = balanced) and tuned hyperparam-
eters allow it to generalize best to unseen data, especially for
the fraud detection class.

The results across all three sampling strategies (Figure[T7),
original imbalanced data with balance class weights, under-
sampling, and oversampling, demonstrate the critical impact
of data distribution on fraud detection model performance.
Random Forest and XGBoost consistently outperformed lin-
ear (Logistic Regression) and distance-based (KNN) classi-
fiers, particularly in identifying the minority class (fraud).
However, their performance varied significantly depending on
the sampling method. In the original imbalanced dataset with
balanced class weights, all models except Random Forest and
XGBoost performed poorly on fraud detection, with Logistic
Regression and KNN failing entirely (F1 = 0.00). This high-
lights the severe limitations of using imbalanced data without
proper sampling strategies, as models tend to become biased
toward the majority class.

Both Random Forest and XGBoost demonstrated competi-
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tive and relatively strong ROC-AUC (Figure 18) and PR-AUC
(Figure 19) scores, indicating their effectiveness in distin-
guishing between fraudulent and non-fraudulent transactions.
In contrast, Logistic Regression consistently recorded the low-
est ROC-AUC and PR-AUC scores across all sampling strate-
gies, suggesting that it struggles to accurately identify fraud
cases with reliable precision and recall. Among the sampling
methods, the original imbalanced dataset yielded the high-
est ROC-AUC values, while undersampling produced the best
PR-AUC results across all models, highlighting the trade-off
between overall discrimination and minority-class detection.

Among the sampling strategies, undersampling combined
yielded the best overall performance. Both XGBoost and Ran-
dom Forest achieved the highest fraud F1-scores (0.80) in the
test set under undersampling, maintaining a balance between
precision and recall. This indicates that reducing the major-
ity class to match the minority class size helps models better
learn fraudulent patterns without being overwhelmed by non-
fraud data. On the other hand, oversampling using SMOTE
improved training scores significantly but led to overfitting,
especially in XGBoost, where the fraud F1-score dropped to
0.28 on the test set despite near-perfect training performance.
KNN again underperformed across all sampling methods, re-
inforcing that it struggles with imbalanced, high-dimensional
data.

Table [ compares Logistic Regression, XGBoost, and Ran-
dom Forest after applying SMOTE and ADASYN. This ta-
ble summarises the results of the experiment which compared
two oversampling techniques SMOTE and ADASYN. Logis-
tic Regression showed low recall (0.10-0.16) and modest pre-
cision (~0.25), resulting in poor Fl-scores. XGBoost per-
formed slightly better, with SMOTE giving the highest F1
(0.28) and stable ROC-AUC (=~0.83). Random Forest bene-
fited most from oversampling, achieving high recall (0.54) and
the best F1 (0.34) with consistent ROC-AUC (0.822-0.85).
This reports test metrics for fraud labels only because we do
well for non-fraud results. Overall, oversampling had limited
effect on Logistic Regression and XGBoost but relatively bet-
ter on Random Forest’s detection of the fraud class.

A key limitation in all approaches is the challenge of work-
ing with highly imbalanced datasets. Even after applying sam-
pling or class weights, the models still struggle with general-
izing to minority class instances in unseen test data. Over-
sampling can introduce synthetic noise. Moreover, tuning
hyperparameters for each approach requires significant com-
putational time and expertise. Future improvements could
include using ensemble balancing techniques, cost-sensitive
learning, or integrating textual features from claim descrip-
tions to enhance model context. Additionally, combining
SMOTE with ensemble learning (like SMOTEBoost) could
strike a better balance between learning and generalization.
Overall, while Random Forest with undersampling emerged

as the best-performing strategy, no approach is entirely im-
mune to the difficulties posed by real-world data imbalance.

Analysis of misclassified cases from our best model, XG-
Boost, showed strong overall detection performance, with lim-
ited misclassifications. On the test set (~ 3,000 cases), the
model produced 116 false negatives (missed frauds) and 20
false positives (legitimate claims flagged), corresponding to
0.7% and 5.5% of the test set, respectively. When scaled to
the full dataset, this equates to roughly 105 missed frauds and
850 over-flagged legitimate claims out of 15,419 total. These
results indicate that most fraudulent claims were successfully
identified, though a small number of legitimate claims were
misclassified due to overlapping feature patterns.

The work by Wang et al. (2018)=, which focused on in-
tegrating LDA topic modeling with a deep neural network
(DNN) for fraud detection, distinguishes itself by offering a
more comprehensive and transparent evaluation of model per-
formance under high class imbalance. While Wang and Xu
achieved high overall metrics (accuracy of 91.4%, F1-score of
91.3%), their evaluation was based on averaged metrics that
do not reflect the model’s effectiveness in detecting fraudulent
claims specifically—an issue in datasets where fraud cases
(minority class) are significantly underrepresented. In con-
trast, the current study provides class-specific metrics (preci-
sion, recall, F1) for both fraud and non-fraud classes across
different models and sampling strategies, revealing how tech-
niques like undersampling and SMOTE impact fraud detec-
tion.

To validate whether performance differences between mod-
els were statistically significant rather than incidental, we con-
ducted paired t-tests on F1 and ROC-AUC across 3-fold cross-
validation.

Table [/| presents the pairwise McNemar p-values compar-
ing the accuracy of Logistic Regression, Random Forest, and
XGBoost models (with class weighting) on the test data. The
results indicate that the difference in accuracy between Lo-
gistic Regression and Random Forest (p = 0.006982) is sta-
tistically significant at the 0.05 level, suggesting that these
models perform differently. Similarly, the difference between
Random Forest and XGBoost (p = 0.006982) is also signifi-
cant. However, the comparison between Logistic Regression
and XGBoost shows no significant difference (p = NaN, im-
plying no measurable or comparable variation). Overall, these
results suggest that Random Forest differs significantly from
both Logistic Regression and XGBoost in classification accu-
racy, while Logistic Regression and XGBoost exhibit similar
performance, indicating that the observed differences are sta-
tistically meaningful rather than incidental.

To better understand how individual features influence
model predictions and to ensure transparency in the decision-
making process, interpretability techniques were explored in
this study.
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Lundberg et al. (2017)'2| introduced SHAP (SHapley Ad-
ditive exPlanations) as a unified, theoretically grounded ap-
proach for interpreting machine learning models through addi-
tive feature attributions. Unlike wrapper-based feature selec-
tion methods such as Boruta, SHAP provides consistent and
locally accurate estimates of each feature’s contribution to in-
dividual predictions. Its model-agnostic design enables inter-
pretation across complex models like Random Forest and XG-
Boost, offering richer explanatory insights rather than simple
feature relevance. Thus, following Lundberg et al. (2017)22,
SHAP was employed in this study primarily to enhance in-
terpretability and transparency rather than to replicate feature
selection experiments.
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Fig. 20 Feature contribution to model predictions (SHAP values),
highlighting “Fault,” “Policy Type,” and “Month Claimed” as key
fraud indicators.

The SHAP summary plot is a key outcome of the analysis
and achieves the aim of the study to identify which factors
most significantly influence whether a car insurance claim is
classified as fraudulent. In Figurd20] features are ranked by
their importance (top to bottom), and the spread along the x-
axis indicates the magnitude and direction of each feature’s
impact on the model’s output. Each point represents a SHAP
value for a single data instance, colored by the feature’s value
(red = high, blue = low). In Figure [21] the bar plot shows
the average impact of each feature on the model’s predictions
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Fig. 21 Ranking of average SHAP contributions across features,
confirming “Fault” as the dominant fraud predictor.

and helps identify the most significant factors. The x-axis rep-
resents the mean absolute SHAP value, which quantifies the
average contribution of each feature to the model’s output, re-
gardless of direction. The higher the bar, the more influence
that feature has on prediction decisions across the dataset.

Figure 20| shows that features like Fault, PolicyType_Sedan
- Liability, MonthClaimed, and Year have the largest im-
pact on predictions. For example, a high value for “Fault”
pushes the model strongly toward predicting fraud, indicat-
ing it is a critical indicator. Similarly, specific policy types
and time-related features (like claim month and year) also
show significant influence. On the other hand, features like
“Make_Toyota” or “PolicyType_Sedan - Collision” have rela-
tively smaller impacts.

Figure [21] shows that the most impactful feature is clearly
Fault, indicating that whether the claim made by the person
was at fault plays the largest role in determining the likeli-
hood of fraud. Followed by PolicyType_Sedan - Liability and
MonthClaimed, suggesting that both the policy type and the
timing of the claim are also strong indicators. Features like
RepNumber, Year, and AgeOfVehicle also contribute mean-
ingfully. On the other end, attributes like Make_Toyota and
PolicyType_Sedan Collision have the smallest average impact.

Claims in which the policyholder is found to be at fault
are often treated with greater suspicion, as insurers recog-
nize that “staged accidents and inflated damage reports are
among the most common types of auto insurance fraud” NICB
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Table 6 Summary of test evaluation metrics for fraud label only of tuned models using oversampled approached with SMOTE and ADASYN

Model SMOTE/ADAYSN | Precision Recall F1 ROC-AUC PR-AUC
Logistic Regression SMOTE 0.27 0.16 0.20 0.777 0.254
ADAYSN 0.23 0.10 0.14 0.776 0.157
XGBoost SMOTE 0.35 0.24 0.28 0.822 0.343
ADAYSN 0.32 0.14 0.19 0.842 0.233
Random Forest SMOTE 0.43 0.29 0.34 0.822 0.378
ADAYSN 0.21 0.54 0.31 0.85 0.229

Table 7 Pairwise McNemar p-values assessing trained models’ (with class weighting) accuracy differences on test data

Logistic Reg Random Forest Xgboost
Logistic Reg
Random Forest 0.006982
Xgboost NaN 0.006982

(2023)%3.The type of policy also influences fraud risk: com-
prehensive or All Perils coverage—designed to protect against
almost any cause of loss except explicit exclusions—tends to
experience higher fraud incidence. According to the Interna-
tional Association of Insurance Supervisors, “broad or all-risk
coverage provides greater opportunity for opportunistic fraud
due to the wide scope of indemnifiable events” TAIS (2022)%4,

Furthermore, the timing of claims can be indicative of sus-
picious behavior; empirical studies note that “seasonal spikes
in claim submissions often correlate with opportunistic or or-
ganized fraud attempts” Nguyen et al. (2022)%. Collectively,
these factors—fault status, policy breadth, and claim timing—
represent key red flags that guide insurers’ fraud detection ef-
forts.

This study also differs from “Insurance Fraud Detection:
Evidence from Artificial Intelligence and Machine Learning”
by Aslam et al. (2022)? in its approach to feature importance
analysis. Aslam et al. employed the Boruta algorithm for
selecting significant features, identifying variables like Fault
and Age of Policyholder as important. In contrast, this study
uses SHAP (SHapley Additive exPlanations) values, which
not only rank features by importance but also explain each fea-
ture’s direction and magnitude of impact on individual predic-
tions. While Boruta provides a robust filter for feature selec-
tion, SHAP offers a deeper understanding and interpretability,
helping to understand how and why features influence fraud
predictions which makes it more suitable for real-world appli-
cations where transparency and justification for every decision
are critical.

The limitation of our research is that it does not include
a separate experiment on future fraud schemes, the approach
is designed to be easily retrainable with updated data. Tree-
based ensemble models such as Random Forest are known to
be relatively robust to moderate distribution shifts, but we rec-

ommend that insurers periodically retrain the model on newly
collected claims data to adapt to evolving fraud patterns and
mitigate concept drift. This ensures the system remains rele-
vant as fraud strategies change over time. It would be great
to have fraud detection data over many continuous years to
investigate the time drift component.

Conclusion

The primary objective of this study was to analyze and iden-
tify key factors that influence whether a car insurance claim
is fraudulent or not. We aimed to build an effective yet in-
terpretable fraud detection model that performs reliably de-
spite the presence of significant class imbalance in the dataset.
Additionally, we sought to evaluate the impact of different
sampling techniques , such as class weighting, undersam-
pling, and SMOTE(oversampling technique) , on model per-
formance and to provide detailed insights through model in-
terpretability and feature importance analysis.

Among the various models evaluated , Logistic Regression,
KNN, Random Forest, and XGBoost , the Random Forest
model with undersampling emerged as the best-performing
approach. It achieved the highest F1-score (0.80) for the fraud
class in the test set, indicating a strong balance between pre-
cision and recall. This model was able to generalize well
without overfitting and proved more effective than linear or
distance-based classifiers, especially in detecting the minority
class (fraudulent claims).

This study confirmed that class imbalance significantly hin-
ders and damages fraud detection performance, particularly
for minority class predictions. Models trained on the origi-
nal imbalanced data showed high accuracy but failed to de-
tect fraud cases effectively, with some models reporting an
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Fl-score of 0.00 for the fraud class. Undersampling pro-
vided the best improvement in fraud detection, allowing mod-
els to better learn the patterns of minority class without being
overwhelmed and dominated by the majority class. SMOTE
enhanced training performance but introduced overfitting in
some cases, especially with XGBoost which also resulted in
poor performance of the model.

Lastly , using SHAP (SHapley Additive exPlanations), the
study provided a transparent interpretation of how different
features influenced model predictions. Features like Fault,
Policy Type, and Month Claimed were found to have the most
significant impact on determining whether a claim was fraud-
ulent. SHAP not only identified important features but also
explained the direction and extent of their influence on each
prediction, enhancing the interpretability of the model. This
level of insight is crucial for stakeholders to understand, trust,
and act on the model’s decisions in real-world insurance fraud
detection scenarios.
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