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Abstract

Like other industries, insurance companies processed large volumes of data during the industrial
revolution. The industry’s major concern is increasing numbers of fraudulent claims. These claims
affect not only financial losses but also the entire industry, honest policyholders, and society. Machine
learning (ML) approaches are recently utilized in insurance fraud detection to reduce such losses. To
further improve, this article introduces a novel prediction framework for fraudulent claims called the
Two-step models. The anonymous US auto insurance dataset was used to demonstrate and evaluate
the framework. Under-sampling and synthetic minority over-sampling technique (SMOTE) were
used to balance data. Mutual information was employed as a feature selection tool. Five proposed
models were built in two steps. Early on, eight basic ML models were implemented. The top three
affective models were chosen based on their F-measure scores. Then, their predicted values were
used as components to construct the two-step models using ensemble techniques. Statistical tests were
utilized to appraise all models. Numerical results indicated that the proposed models yielded
significant enhancements. Moreover, the most effective model is a combination of SMOTE and
improved multilayer perceptron (IMLP). This research could help insurance firms improve their fraud
detection systems to prevent insurance abuse.
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1. Introduction

During the industrial revolution, businesses sought digital transformation, with data management
being key. Data science, used to find hidden insights in data, has gained popularity as data grows
dramatically. It is now used in various industries, including insurance.

Fraudulent claims are the biggest insurance industry risk (Bangchang et al. 2023, Simmachan et
al. 2023). Hard and soft insurance fraud depend on accident causation and claim processing (Belhadji
et al. 2000). Commercial insurance carriers report increased fraud in all claims (Roy and George
2017, Moon et al. 2019). Auto insurance fraud is serious (Bangchang et al. 2023). Fraudulent claims,
comprising 5-10% of all claims, cost insurance businesses $30 trillion annually, with escalating costs
(Roy and George 2017, Moon et al. 2019). This is devastating to the industry and customer
confidence. An effective fraud detection approach is crucial in the insurance business (Prasasti et al.
2020). A categorization model is needed to determine if a claim is false. ML classification models
struggle with uneven class observations. In practice, there are few fraudulent cases and many non-
fraudulent ones. ML models ignore the minority class and assign most occurrences to the common
class, enhancing accuracy. Kotb and Ming (2021) expect a considerably inferior minority class
prediction. To handle imbalanced data, stratified random sampling was used (Moon et al. 2019,
Simmachan et al. 2023). ML models were used to compare SMOTE and other resampling strategies
(Hanafy and Ming 2021, Kotb and Ming 2021). Subudhi and Panigrahi (2020) used the GA-based
Fuzzy C-Means clustering to decrease noisy points through under-sampling. Results from these
studies indicate that class-balanced models performed better.

Feature selection is another concern in developing effective classification models. Practical
settings have many features to consider, yet predictive models may not include them all. Using feature
selection techniques eliminates unneeded features and adds vital ones. However, significant aspects
might be chosen differently. Moon et al. (2019) utilized k-fold cross-validation, stepwise logistic
regression, variable importance scores in Random Forest, and the Least Absolute Shrinkage and
Selection Operator. Forward and backward selection were compared to feature-free models
(Bangchang et al. 2023). Shapley additive explanation was used to classify accident severity
(Vanishkorn and Supanich 2022). Bayesian variable selection reduced heart disease classification
dimensionality (Bangchang 2024). Credit card fraud detection used GA feature selection (Saheed et
al. 2020). Association rules were used to select features for detecting tax fraudsters (Matos et al.
2020). Models using feature selections performed well empirically.

Ensemble learning improves insurance fraud detection algorithms. This method optimizes
system performance by combining models. Based on the premise that numerous models outperform
individual models in prediction. Njoh-Paul (2020) used ensemble learning, Extreme Gradient
Boosting and Stacking, and compared to four individual classifiers, including support vector machine,
artificial neural network, logistic regression, and linear discriminate analysis, in predicting insurance
claims. Abakarim et al. (2023) utilized bagged ensemble learning of CNN models: AlexNet,
InceptionV3, and Resnet101. Vosseler (2022) employed outlier ensembles with supervised surrogate
models for model explanations and Mutual Information (MI) for creating ensemble models.
Numerical results indicate that ensemble models outperform individual models.

ML methods are treated as effective tools and their efficacy relies on the quality of model
training. This paper introduces a novel ML prediction framework called Two-step models, based on
ensemble learning and other valuable methodologies. The main contributions and procedures are:

[ Combining class-balancing techniques and MI as a feature selection indicator to generate five
data scenarios: Original, Under, Under+MI, SMOTE, and SMOTE+MI.
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[ Building eight common ML models from the previously stated works and additional works
(Bhowmik 2011, Kowshalya and Nandhini 2018, Botchey et al. 2020) in the initial step and
recording evaluation metrics (accuracy, precision, recall, and F-measure). F-measure is
prioritized as it generalizes precision and recall simultaneously and provides the model's
overall performance for the fraudulent class.

[ ] Selecting the best three models based on F-measure scores and using their predicted outcomes
as components to create five proposed models using bagging and stacking ensemble
techniques.

[] Producing 65 ML models by combining 13 ML models and 5 data scenarios. All models are
developed under k-fold cross-validation, with both descriptive and inferential statistics used
to identify suitable models and scenarios.

[l Unlike most earlier studies that employ individual models and only use descriptive statistics
for comparison, this study selects the three most effective models based on the most important
metric for ensemble model construction and employs multiple ensemble techniques.

2. Materials and Methods

Sections 2.1-2.6 outline the materials and methods used in this study. The dataset, data pre-
processing steps, and the creation of five data scenarios to handle imbalanced data are described. We
detail eight “One-step” ML models and five proposed “Two-step” ensemble models. model validation
tools are part of the framework. Statistical tests evaluate model performance across scenarios. The
research framework covers data preparation, model construction, and evaluation.
2.1. Data Description

The dataset utilized in this investigation was obtained from GitHub (Phaphan 2024) because
insurance claims are usually confidential. The data offers US auto insurance claim data for an
anonymous company. Collection began January 1, 2015, and ended March 1, 2015. The 1,000-
observation dataset has a binary response variable, fraud report, and 26 predictors or features—14
qualitative and 12 quantitative. No data is missing from this dataset. Tables 1-2 show descriptive
statistics for both aspects. There are 247 fraudulent claims (24.7%) and 753 non-fraudulent claims
(75.3%). The data presented is imbalanced, which is a common trend in insurance fraud reports.

Table 1 Descriptive statistics of qualitative features

Feature name Unique value Top value Frequency (%)
policy bind month 12 December 95 (9.50)
policy state 3 OH 352 (35.20)
insured _sex 2 FEMALE 537 (53.70)
Insured_education_level 7 D 161 (16.10)
insured _occupation 14 machine-op-inspct 93 (9.30)
insured_hobbies 20  reading 64 (6.40)
insured_relationship 6  own-child 183 (18.30)
Incident type 4 Multi-vehicle Collision 419 (41.90)
incident severity 4 Minor Damage 354 (35.40)
authorities_contacted 5 Police 292 (29.20)
incident_state 7 NY 262 (26.20)
incident_hour of the day 24 17 54 (5.40)
auto_make 14 Dodge 80 (8.00)

auto_year 21 1995 56 (5.60)
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Table 2 Descriptive statistics of quantitative features

Feature name Mean SD Min Max
age 38.95 9.14 19.00 64.00
policy deductible 1,136.00 611.56 500.00 2,000.00
policy annual premium 1,256.41 244.05 433.33 2,047.59
umbrella_limit 1,101,000.00 2,296,257.61 —1,000,000.00 10,000,000.00
capital-gains 25,126.10 27,858.25 0.00 100,500.00
capital-loss -26,793.7 28,090.04 —111,100.00 0.00
number_of vehicles involved 1.84 1.02 1.00 4.00
bodily injuries 0.99 0.82 0.00 2.00
witnesses 1.49 1.11 0.00 3.00
injury_claim 7,433.42 4,878.51 0.00 21,450.00
property claim 7,399.57 4,822.31 0.00 23,670.00
vehicle claim 37,928.95 18,876.81 70.00 79,560.00

2.2. Data pre-processing

In this section, the important procedures used for data pre-processing were described as follows:
data cleaning, multicollinearity check, data transformation, feature selection, handling imbalanced
data, and data scenario.

2.2.1 Data cleaning

Data preparation is a necessary step before inputting into predictive models. This involves
ensuring the data is in a format that can be read by ML models and removing any missing values
before analysis.

2.2.2 Multicollinearity check

The absence of multicollinearity assumption in candidate classifiers such as logistic regression
and Gaussian naive Bayes led to the examination of feature correlations. If the correlations were
greater than 0.70, they were treated as a serious problem, and the corresponding features were
removed from further step. Spearman’s rank and Cramer’s V were used to measure the relationship
between quantitative and qualitative features, respectively. The Spearman’s correlations range from
-0.05 to 0.81. The total claim amount is highly correlated with injury claim and property claim.
The total claim amount was consequently eliminated. On the other hand, there were no serious
problems with qualitative features (the range of Cramer's V correlations was 0.03 to 0.45). As a result,
25 features remained for further analysis.

2.2.3 Data transformation

One of the fundamental stages in constructing a predictive model is data transformation. The
procedure converts raw data into a readable format, reduces effects of outliers, improves the
functionality of ML models (Aksoy and Haralick 2001), and speeds up processing time (loffe and
Szegedy 2015). To ensure consistency in quantitative features, the range was normalized using the
feature scaling method known as Z-score Normalization. For qualitative features, dummy variable
encoding was used. To accommodate the restrictions of certain ML models that only accept numerical
input, this procedure involves converting categorical features into a binary vector of Os and 1s.

2.2.4 Feature selection

Choosing relevant and useful features from a bigger set is feature selection. The technique saves
computing time, improves model performance, avoids overfitting, and improves data pattern
representation, especially in high-dimensional datasets (Kotb and Ming 2021, Vanishkorn and
Supanich 2022). This study selected important features using MI. MI measures interdependence of
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two random variables. As an indicator, it ranks features by response variable influence. Features with
higher MI values predict response variables better.

2.2.5 Handling imbalanced data

Imbalanced data refers to a situation in classification where the number of observations for each
category (class) of a response variable is not equal. This is a common situation in real world
applications, particularly in fraud detection problems. Moreover, the dataset utilized in this research
is imbalanced. In this situation, the majority class holds a dominant position over the minority class.
Machine learning models tend to favor the majority class, resulting in unreliable performance (Kotb
and Ming 2021). This led to the implementation of methods for handling imbalanced data.

2.2.6 Data scenario

To evaluate the proposed strategy, a combination of methods dealing with imbalanced data and
feature selection options was implemented. Under-sampling and SMOTE developed by Chawla et al.
(2002) were adopted as class-balancing tools. In order to balance the class distribution, under-
sampling results in reducing the number of observations in the majority class. SMOTE, on the other
hand, interpolates between minority class instances to provide synthetic samples for the minority
class. Training ML models with and without feature selection are the two alternatives available for
feature selections. Consequently, there are five scenarios as follows:

I. Original data: This is an imbalanced case. We denoted by “Original”.

II. Under-sampling without feature selection: We denoted by “Under”.

III. Under-sampling with feature selection: We denoted by “Under+MI”.

IV. SMOTE without feature selection: We directly denoted by “SMOTE”.

V. SMOTE with feature selection: We denoted by “SMOTE+MI”.

2.3. ML models: One-step models

The eight basic models were chosen and labeled “One-step models”. The following are specific
details for each model.

2.3.1 K-nearest neighbor (K-NN)

The K-NN examines similarity under the pre-specified value, k, and classifies new data based
on most of those k neighboring components. Similarity is measured using Euclidean distance (Wang
et al. 2007, Boonkrong and Simmachan 2016).

2.3.2 Naive Bayes (NB)

NB is a popular classification method and is particularly suitable for high-dimensional inputs.
NB often outperforms more complex ML models despite its simplicity. Because it calculates the
probability of each input feature being predicted (Farghaly et al. 2023). The NB uses the Bayes
theorem to compute the posterior probability for each class C; . The resulting classification equation

is as follows (Botchey et al. 2020);
P(C; | x) = P(x|C)P(C;)/ P(x),

where P(x)=)_P(x|C))P(C)).
J

P(C;) is the probability of class C;, P(x) is the likelihood density of feature x, P(x|C;) is
the class conditional likelihood density of the feature x that belongs to the C; class, and P(C; | x)

is the posterior probability of the C; class when observing x.
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2.3.3 Decision tree (DT)

A decision tree is a non-parametric supervised learning algorithm. Every internal node in the DT
denotes a feature test; every branch shows the test's result; and every leaf with a class label is
indicated. The pathways from the root to the leaf node express the categorization rules. Furthermore,
the DT can be identified as a piecewise constant approximation (Bhowmik 2011).

2.3.4 Random Forest (RF)

Random forest classifies data points based on the multiple decision trees, randomly choosing
features and observations from the trees. The final predicted value comes from the most frequent
results among those selected decision trees, which can be more accurate than using a single tree
(Kowshalya and Nandhini 2018).

2.3.5 Adaptive boosting or AdaBoost (ADA)

A predictive model was constructed based on multiple weak predictive models from decision
tree models. AdaBoost repeatedly adjusts the model’s weight, depending on the number of incorrect
predictions, until it reaches significantly high accuracy (Pedregosa et al. 2011).

2.3.6 Gradient boosting (GB)

An improved method of AdaBoost that alleviates prediction errors while improving accuracy
consists of three parts: loss function, weak learner, and additive model. A loss function helps optimize
the model. A weak learner generates predictions from observations, while an additive model works
with the weak learner to get a minimized loss function (Friedman 2002).

2.3.7 Extreme gradient boosting or XGBoost (XGB)

When compared to several ML models and deep learning, XGBoost works effectively and helps
minimize runtime. This method is derived from the original method of constructing non-digestible
trees (Dhieb et al. 2019).

2.3.8 Logistic regression (LR)

A statistical model for modeling a qualitative response variable using either quantitative or
qualitative independent variables. The data is modeled by a sigmoid curve, representing the
probability of the event of interest. We define the dependent variable, y =1 as denoting the

occurrence of the event of interest (fraudulent) and y = 0 otherwise (non-fraudulent) (Harrell 2015).

2.4. Proposed models: Two-step models

There are five proposed models named “Two-step models”. These models were created by
combining the best three One-step models based on their F-measure scores under ensemble learning
techniques. The first model was built using bagging, and the other ones were formed using stacking.

2.4.1 Majority vote (MV)

This model was developed using bagging, but it was called voting in classification tasks. The
predicted values from the top three models were utilized as the three components of the ensemble
learning. Then, a majority vote was applied to the three components, and the predicted outcome of
the response variable was the result of voting (Pedregosa et al. 2011).

2.4.2 Improved Models

The remaining Two-step models are called “improved models”. Different types of models were
used to choose the four candidates. The parametric statistical model LR was chosen. GB and XGB
are enhancing ensembles. A multilayer perceptron (MLP) in a neural network was used for model
construction because it effectively learns non-linear function approximations for classification and
regression (Yang et al. 2009). The four improved models were created by stacking the three One-step
model components. Layering trains a meta-model to combine base model predictions. Averaging and
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voting are replaced with base model predictions in the meta-model. It helps the meta-model grasp
complex base model prediction linkages, boosting performance. Base model predictions were the
three components utilized as supplementary features in the improved logistic regression (ILR),
improved gradient boosting (IGB), improved extreme gradient boosting (IXGB), and improved
multilayer perceptron (IMLP).

2.5. Model validation tools

The crucial tools utilized for model evaluation were described in this section as follows.

2.5.1 K-fold cross-validation

In k-fold cross-validation, observations are randomly divided into k groups (folds) of
approximately equal size. In each iteration, one of these folds serves as the validation set, while the
remaining k—1 folds are used to train the model or algorithm. The evaluation metric is calculated
for each iteration, resulting in k metric estimates ( metric;, metric,,...,metric; ). The final k-fold cross-

validation estimate (CV) is obtained by averaging these metric values. The k-fold CV is one of the
most popular cross-validation techniques. In this work, we select a common option, &k = 5.

2.5.2 Confusion matrix

A confusion matrix is often employed as classification metrics (Botchey et al. 2020, Vanishkorn
and Supanich 2022). The matrix shows predicted and actual outcome counts. Fraud detection
problems use positive and negative classes to represent fraudulent and non-fraudulent claims. Four
outcomes are used. TP occurs when the model correctly identifies a fraud scenario. When the model
correctly classifies a case as non-fraudulent, TN occurs. FP occurs when the model misclassifies a
case as fraud. FN occurs when the model misclassifies a non-fraud case.

2.5.3 Evaluation metrics

The ML models can be commonly evaluated using accuracy, precision, recall, and F-measure
(Kotb and Ming 2021, Vanishkorn and Supanich 2022). Model performance rises with value. Table
3 covers four evaluation metrics. Insurance companies warn about fraudulent claims more than non-
fraudulent claims (Simmachan et al. 2023). Precision is needed to reduce false warnings and ensure
designated circumstances are fraud. To capture the most real fraud cases, a high recall rate is essential.
The F-measure evaluates the model's positive class performance by combining precision and recall.
Hence, the F-measure was top-prioritized in this work.

Table 3 Evaluation metrics

Metric Formula Description
TP+TN . L -
Accuracy This metric indicates the overall correctly prediction.
TP+TN +FP+FN
This metric indicates the ratio of true positive predictions
. P .. .
Precision e ——— to the total number of positive predictions made by the
TP+ FP
model.
Recall P This metric indicates the correct rate of predicting the
TP+ FN fraud class (positive class).
(Precision x Recall)
F-measure X This metric is the harmonic mean of precision and recall.

(Precision + Recall)
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2.5.4 Statistical tests

Evaluation metrics are used to evaluate model performance; however, they may need further
analysis and comparison (Kotb and Ming 2021). Selecting the best model based on capabilities is
difficult. The problem can be solved by inferential statistics (Demsar 2006). We used a statistical
test to compare many related samples. Four measures will be tested to test the null hypothesis that
data scenarios and ML models are the same. Comparing the means of multiple populations using the
ANOVA F-test is common. Three conditions of random error must be met to use this test. First, the
errors must be independent. Second, the errors must be distributed normally. Finally, error variances
must be constant (Simmachan 2019). The Kolmogorov-Smirnov (KS) test (Smirnov 1948) was used
for normality assumption. The Friedman test (Friedman 1937, Friedman 1940) will be used if one of
the requirements is not met. This test ranks data for each scenario in every model and examines rank
values. Likewise, each model was also evaluated in each scenario. The Friedman test returns a mean
rank to help choose the best scenario and model.

2.6. Research framework

Before splitting the dataset after data pre-processing, we used stratified random sampling to
assure positive and negative classes in the training and testing sets. Next, the dataset was split into
80% training and 20% testing sets. The training set used feature selection and class-balancing to
produce five data scenarios successively. After applying a 5-fold CV to the training sets from five
scenarios, the testing set was utilized to assess model performance in each iteration instead of the test
sets under a basic 5-fold CV. One-step models were created in five scenarios under the 5-fold CV
process. Two-step models were built sequentially using the top three F-measure scores of One-step
models. Data analysis was done in Python using Google Colab. Finally, four evaluation metrics were
generated, descriptive and inferential statistics were compared, and the findings were summarized in
conclusion, and discussion sections. The proposed prediction framework is shown in Figure 1.

—
[ —] ,
Feature One-step .
Dataset selection miodels > Evaluation
metrics
=" ol
L
Balancing
‘techniques
Data 703 3;
Pre-processing models
Ot —bh : Statistical
— tests
stratified l Ensen?ble O
random Training set Five scenarios learning
fo

sampling j
Results
l Twio:step obtained

5-fold GV modets

Testing set

Figure 1 Research framework for predicting insurance fraud report

3. Numerical results

The investigation was conducted to optimize the predictive capability of ML models in
predicting fraud reports. More specific and interesting results are illustrated as follows: First, a feature
importance score based on MI was reported. Second, comparisons of model performance along with
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the data scenarios based on descriptive statistics were presented numerically and graphically. Next,
the results of the statistical tests were displayed for greater reliability of the comparisons. Finally, the
rankings of ML models and data scenarios were given.

3.1. Feature selection using mutual information

We use MI to pick the top 12 influenced features that explain the response variability. Figure 2
shows important features and their MI values in descending order. In this case, the capital-loss is
considered the most significant feature.

vehicle claim [ 0.03
number_of vehicles_involved | N 0.03
property_claim [ o.04
incident_severity Trivial Damage || NG 0.04
injury_claim [ 0.05
incident_severity Total Loss || N SN o.05
policy annual premium [ NG 0.06
capital-gains [ NN 0.06
policy_deductible [ .06
umbrella_limit [ 008
incident severity Minor Damage [N 009
capital-loss | .11

0.00 0.02 0.04 006 008 0.10 0.12

Figure 2 Top 12 feature’s mutual information value

3.2. Comprehensive performance comparisons

Tables 4-5 illustrate the overall performance of One-step and Two-step models, respectively.
The combination of 13 ML models, 5 scenarios, and 4 evaluation metrics resulted in these findings.
The winners of ML models in each matric are emphasized in bold. The key finding from Tables 4-5
indicates a significant discrepancy between accuracy and recall when using the imbalanced data. We
can see that in the column “Original”, all the accuracy results are greater than 70%, while some recall
results are less than 20%. The LR model is the reveal case; it has an accuracy of 75.20% but a recall
of only 1.27%. The implication of this is that the corresponding models favor the majority class,
indicating a bias. Hence, it is crucial to address this problem as it has resulted in misleading results.
The class-balancing techniques were employed for this issue, we can observe that in the columns
“Under”, “Under+MI”, “SMOTE”, and “SMOTE+MI”. Obviously, the data demonstrates a notable
enhancement in the ML models when utilized alongside class-balancing techniques. This is reflected
in their strong predictive capabilities towards the minority class. Following the implementation of
class-balancing techniques, the recall rate of the LR reached a minimum of 67.30%, and it further
improved to 86.43% with the use of SMOTE+MI. The K-NN model is another outstanding
advancement. When using imbalanced data, the K-NN had a recall of 5.93%, but when SMOTE was
used, the recall raised to 91.22%. Since the F-measure is a combination of precision and recall, it
exhibits similar characteristics to recall. As a result, ML models have shown significant improvement
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in handling imbalanced data. Like recall and F-measure, precision possesses similar qualities, but its
advancement is not as remarkable as both metrics.

Among One-step models, the GB with SMOTE model outperforms the others in terms of
accuracy, recall, and F-measure, while the NB with SMOTE model is the best in terms of precision.
Besides, every top-performing model reaches predictive measurements of at least 88%. Then, the
one-step models were compared and ranked according to their F-measure scores in each scenario.
The three best-performing models were determined. In addition, the gray-highlighted F-measure
scores indicate the top three models. The models performed differently under different scenarios. For
original data, the best-performing models are XGB (57.86%), GB (57.56%), and DT (56.33%),
respectively. The three best models for the “Under” scenario are GB (80.06%), XGB (76.00%), and
RF (75.62%). The LR (72.36%), GB (67.73%), and NB (67.52%) are the most effective models for
the “Under+MI” scenario. For the “SMOTE” scenario, the top models are GB (88.83%), XGB
(87.31%), and ADA (86.46%), in that order. The best three models for the “SMOTE+MI” scenario
are LR (86.00%), ADA (85.71%), and NB (85.50%), respectively. We observed that overall, the
SMOTE techniques outperform the others. The under-sampling methods are better than the original
data. In addition, the class-balancing methods without variable selection outperform those with
variable selection. Nevertheless, there are certain scenarios where variable selection is applicable to
the parametric model, LR. As seen in both “Under+MI” and “SMOTE+MI” scenarios, the LR model
was the top performer.

Out of the Two-step models, the MV and IMLP with SMOTE achieve the highest accuracy.
Similarly, the IMLP with SMOTE is the winer in terms of recall and F-measure. Furthermore, the
IXGB with SMOTE demonstrates superior precision compared to other models. Additionally, all the
winers yield predictive measurements of at least 88%. To facilitate analysis, bar charts of F-measure
scores were generated and displayed in Figures 3-6. Figure 3 compares the LR model to its improved
version. Figure 4 compares the GB model to its enhanced variant. A comparison of the XGB model
and its enhanced version is shown in Figure 5. A comparison of all five proposed models is shown in
Figure 6.

Table 4 Overall performance of one-step models (%)

Models Metric Original Under Under+MI SMOTE SMOTE+MI
Accuracy 72.90 47.36 70.23 62.62 85.66
K-NN Precision 28.54 47.27 71.92 58.06 86.25
Recall 5.93 48.11 66.02 91.22 84.84
F-measure 9.70 47.62 68.59 70.90 85.49
Accuracy 73.30 60.50 61.11 85.39 85.52
NB Precision 38.21 59.98 59.60 94.38 85.34
Recall 10.10 63.72 81.06 75.34 85.76
F-measure 15.53 61.72 67.52 83.78 85.50
Accuracy 78.60 68.42 60.51 83.33 76.96
DT Precision 57.01 69.42 61.25 81.86 76.34
Recall 55.90 65.86 59.06 85.77 78.05
F-measure 56.33 67.42 60.00 83.72 77.18

Note: The top 3 models in each data scenario are highlighted by . The best ML models for each metric are

highlighted in bold.
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Table 4 (Continued)

Models Metric Original Under Under+MI SMOTE SMOTE-+MI
Accuracy 77.50 7591 67.19 86.06 85.13
RE Precision 62.73 76.68 67.98 90.81 86.17
Recall 21.11 74.85 65.40 80.20 83.64
F-measure 30.01 75.62 66.47 85.13 84.85
Accuracy 80.50 73.88 68.01 86.52 85.79
ADA Precision 64.03 74.65 69.98 86.68 86.10
Recall 49.24 72.27 63.00 86.37 85.44
F-measure 55.41 73.20 65.97 86.46 85.71
Accuracy 80.30 79.75 69.62 88.58 85.32
GB Precision 61.41 78.40 71.31 86.64 84.99
Recall 54.20 82.01 64.86 91.25 85.82
F-measure 57.56 80.06 67.73 88.83 85.38
Accuracy 80.60 76.31 64.36 87.32 83.60
XGB Precision 62.15 76.61 65.39 87.07 84.09
Recall 54.37 75.82 61.75 87.70 82.85
F-measure 57.86 76.00 63.25 87.31 83.42
Accuracy 75.20 74.70 74.69 85.13 85.99
LR Precision 35.00 75.47 78.66 86.54 85.65
Recall 1.27 73.45 67.30 83.10 86.43
F-measure 2.42 74.24 72.36 84.76 86.00
Note: The top 3 models in each data scenario are highlighted by . The best ML models for each metric are
highlighted in bold.

Table 5 Overall performance of two-step models (%)

Models Metric Original Under Under+MI SMOTE SMOTE+MI
Accuracy 77.80 78.53 70.84 88.12 85.86

MV Precision 68.85 80.04 73.59 88.98 86.39
Recall 17.33 75.93 64.84 87.02 85.09

F-measure 27.09 77.81 68.59 87.92 85.69

Accuracy 80.60 79.35 71.24 87.92 86.12

IR Precision 63.06 77.77 73.59 88.33 86.67
Recall 52.12 82.37 65.71 87.79 85.41

F-measure 56.92 79.86 69.29 87.83 85.99

Accuracy 80.80 77.93 71.04 87.98 86.19

IGB Precision 66.84 77.44 73.86 88.35 86.97
Recall 47.01 79.03 65.32 87.93 85.13

F-measure 54.16 77.89 69.04 87.91 86.01

Accuracy 81.30 78.54 78.54 87.98 86.19

IXGB Precision 66.20 77.39 77.39 89.41 86.97
Recall 52.56 80.68 80.68 86.58 85.13

F-measure 57.73 78.78 78.78 87.71 86.01
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Table 5 (Continued)
Models Metric Original Under Under+MI SMOTE SMOTE+MI
Accuracy 80.50 79.75 79.75 88.12 86.32
IMLP Precision 62.43 77.93 77.93 88.30 86.85
Recall 53.01 83.20 83.20 88.33 85.70
F-measure 57.23 80.37 80.37 88.08 86.20

Note: The best ML models for each metric are highlighted in bold.
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Figure 3 F-measure analysis comparing LR and ILR
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Figure 6 Two-step model performance in terms of F-measure

The ILR model shows a substantial enhancement when compared to the original model in dealing
with imbalanced data. For under-sampling schemes, the LR and ILR show similar results.
Nevertheless, the upgraded version exhibits slightly superior performance in under-sampling scenario
without feature selection. In the context of SMOTE methods, likewise, both models are comparable.
In addition, SMOTE approaches outperform under-sampling schemes.

The GB and IGB models provide insignificant results for all scenarios. It can be inferred that the
original version of GB is one of permanent ML models. The two SMOTE approaches outperform the
others. Without feature selection, under-sampling is more effective than with feature selection, and
the imbalanced situation results in the lowest result.

When compared to the original version, the IXGB model presents a considerable improvement
in under-sampling and feature selection. In alternative scenarios, IXGB and XGB models show
comparable results. However, the SMOTE techniques consistently outperform the other candidates,
with the imbalanced data resulting in the lowest outcome.

In terms of F-measure, the overall performance of the proposed models is generally comparable
in all scenarios, except for the MV model with imbalanced data which has the lowest result in this
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situation. Like other models, the proposed models show superior performance when utilizing SMOTE
techniques, and they produce unsatisfactory results with imbalanced data. Furthermore, under-
sampling yields more consistent results when feature selection is not used.

The performance of ML models varies in different scenarios, making it a challenging task to
determine the best model or scenario using descriptive statistics. The ANOVA test is expected to
overcome this difficulty. However, this test is valid when all assumptions are satisfied. The normality
assumption was initially examined. Statistical tests including normality tests and Friedman tests for
model and scenario comparisons, are summarized in Table 6.

Table 6 Results of statistical tests

Metric Test of Normality Model Comparison Scenario Comparison

KS Statistic p-value  Chi-squared p-value  Chi-squared p-value

Accuracy 0.127  <0.000001 39.791 0.000078 42.667 <0.000001
Precision 0.118 <0.000001 32.792  0.001043 47.690 <0.000001
Recall 0.165 < 0.000001 19.217 0.083421 46.698 < 0.000001
F-measure 0.175 <0.000001 34.957 0.000476 48.682 < 0.000001

According to the KS tests on accuracy, precision, recall, and F-measure in Table 6, the p-values
are smaller than 0.05; the normality assumption for all metrics is violated; and the ANOVA test
cannot be utilized. Consequently, the non-parametric alternative test, Friedman test, was implemented
for model and scenario comparisons. For model comparison, the Friedman test p-values for accuracy,
precision, and F-measure are less than 0.05, indicating that at least one ML model performs
differently. While the p-value for recall may seem contradictory, we prioritize the previously drawn
conclusions which give precedence to F-measure as the main evaluation criteria. All metrics have p-
values below 0.05 for scenario comparison, showing that at least one scenario performs significantly.

As seen in Table 7, the mean of ranks and the corresponding ranks for models and scenarios in
terms of F-measure are reported. Our findings show that the proposed models are satisfactory.
Moreover, all the Two-step models are among the top six ranked. Furthermore, the IMLP model is
the most efficient among all other models. Interestingly, the GB model holds the fourth position in
the rankings. The SMOTE technique stands out among other scenarios, as reflected in the descriptive
statistics. The SMOTE technique with feature selection ranks second, followed by under-sampling
techniques without and with feature selection and imbalanced case.

4. Discussion

This study attempts to improve the efficiency of ML models in fraud detection tasks by
introducing a novel prediction framework called the Two-step models. Predictive models created
with imbalanced data favor the majority class, making them unreliable. Some investigations (Hanafy
and Ming 2021, Kotb and Ming 2021) match our findings. Addressing imbalanced concerns improves
ML models, notably parametric LR model. Because positive and negative classes have equivalent
observation numbers, balanced data supports the probability 0.5 cut-off. SMOTE scenarios hold the
top two positions. This is because SMOTE creates synthetic minority class instances to boost dataset
representation without duplicating samples (Chawla et al. 2002). Avoiding minority sample
duplication by developing synthetic samples decreases overfitting (He and Garcia 2009). It enhances
ML models in terms of recall and F1-score on imbalanced datasets (Fernandez et al. 2018). Despite
employing different feature selection methods than earlier studies, the deductible, incident severity,



158 Thailand Statistician, 2025; 23(1): 144-161

umbrella insurance coverage limit, and policy type are common relevant features. ML models
perform differently in various contexts, making it challenging to identify the best one. The Friedman
test selected the optimal model and scenario. All Two-step models rank in the top six, according to
our data. IMLP outperforms all models. Four stacking models outperform bagging in two-step
models. Effective boosting models include IXGB, GB, and IGB. Similar results were found by Njoh-
Paul (2020). Surprisingly, GB retains the fourth spot, and it outperforms One-step models.
Furthermore, GB is slightly better than its improved version, IGB. Since GB is inherently an ensemble
model, adding extra features to the model may overfit it.

Table 7 Ranking results obtained from Friedman tests in terms of F-measure

Model type Model Mean Rank Rank Scenario Mean Rank Rank
IMLP 12.20 1 SMOTE 4.77 1
IXGB 10.70 2 SMOTE+MI 4.23 2
Two-step LR 9.60 3 Under 2.77 3
IGB 9.10 5 Under+MI 2.23 4
MV 7.50 6 Original 1.00 5
GB 9.20 4
XGB 6.20 7
LR 6.20 8
ADA 5.60 9
One-step
RF 4.60 10
NB 3.80 11
KNN 3.30 12
DT 3.00 13

5. Implementation

ML approaches can detect auto insurance fraud effectively. However, their effectiveness depends
on the quality of training data and model architectures. Our prediction framework develops predictive
models utilizing a combination of effective tools. We begin with data preprocessing, including
cleaning, scaling, and handling missing values and outliers. Stratified random sampling ensures
balanced representation of positive and negative classes in training and testing sets, while SMOTE is
recommended to addresses imbalanced data in the training set. Feature selection, though inadequate
in our current work, is crucial. Extracting informative features from the dataset should be further
investigated. One-step models were initially used for model development. Generally, insurance
companies emphasize bogus claim alerts. F-measure is preferred among other evaluation metrics due
to its generalization of precision and recall, and measures model fraud class performance. The most
essential metric of our study should be applied in practice. Based on F-measure scores, we select the
top three One-step models to create Two-step models using ensemble methods: voting and stacking.
Stacking outperforms voting in our proposed models. We recommend integrating IMLP with SMOTE
as the most effective model for fraudulent claim prediction. This work may help insurance companies
improve fraud detection systems, but challenges remain. Integrating the model into claims processing,
monitoring performance, and retraining are essential. While ML can enhance fraud detection, it
should be combined with human expertise and rule-based systems for optimal decision-making in
fraud prevention.
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6. Conclusions

The introduced prediction framework offers a substantial improvement in developing ML
models for fraud detection tasks. The choice of model evaluation metrics is crucial. Within this
particular situation, the F-measure is given higher priority. We select the top three productive models
based on their F-measure scores. This step leads to the performance of the two-step models. Using
effective components to construct ensemble models results in very efficient predictive models.
Nevertheless, there exist prospective avenues for additional enhancement in the future. It is advisable
to take into account alternative versions of SMOTE, such as the ones proposed by Hanafy and Ming
(2021) and Kotb and Ming (2021). The number of components in the Two-step models should be
adjusted. Alternative ML models warrant further investigation. Other feature selection techniques
such as Sudjai et al. (2023) should be applied especially in case in which high-dimensional data with
multicollinearity. Additional ensemble techniques, such as Mathew (2022), Vosseler (2022),
Abakarim et al. (2023), and Srisuradetchai et al. (2023), should also be utilized.
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