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Abstract: This research aims to compare the performance of machine learning algorithms in the classification of car insurance claims 

using sampling techniques. The study focuses on addressing the issue of class imbalance in insurance claim data, which can result in 

errors when detecting fraudulent claims. Oversampling and Undersampling techniques are applied to Decision Tree, Random Forest, 

Naïve Bayes, K-Nearest Neighbors, and Logistic Regression algorithms. The research methodology follows Knowledge Discovery in 

Database principles and utilizes RapidMiner version 10.1 as the tool for constructing classification models using the insurance claim 

data. The evaluation results reveal that the K-Nearest Neighbor (K-NN) algorithm with Oversampling technique achieves the highest 

performance in predicting insurance claims, with an accuracy of 90.46%, recall of Yes class at 99.03%, recall of No class at 81.88%, 

precision of Yes class at 84.53%, precision of No class at 98.83%, and an AUC of 0.984. Furthermore, the evaluation and visualization of 

performance comparisons indicate that the Random Forest (RF) algorithm with Oversampling technique and the K-Nearest Neighbors 

(K-NN) algorithm with Oversampling technique exhibit the most promising results in predicting car insurance claims. 

Keywords: Car Insurance Claim, Classification, Decision Tree, K-Nearest Neighbors, Logistic Regression, Naïve Bayes, Random 

Forest, Sampling Techniques 

1. Introduction 

Insurance is an agreement between two parties, namely the 

insurance company and the policyholder, which forms the 

basis for the acceptance of premiums by insurance 

companies in return for providing reimbursement to the 

insured or policyholder, providing payment [1]. The 

purpose of auto vehicle insurance is to take over the risks 

that may be borne by the owner of the car vehicle 

concerned with the finances suffered by motor vehicles 

due to various indeterminate reasons which is based on the 

death or life of the insured or policyholder [2]. According 

to the Insurance Information Institute in 2019, total vehicle 

claims filed in the United States were approximately 33.3 

million claims. Of the total claims, about 3.0% or around 

995,000 claims were rejected due to indications of fraud in 

vehicle claims [3]. Fraud in vehicle claims can occur by 

forging claim documents or reporting claims for damage 

that did not actually occur. Data mining has become an 

important topic in the field of information technology 

because it can help organizations or companies to 

understand more deeply about the data they have, 

including car insurance claim data. By using machine 

learning algorithms to predict fraud, car insurance 

companies can reduce the risk of financial losses due to 

fraudulent actions committed by their customers. Class 

imbalance has a bad impact on classification results where 

the minority class is often misclassified as the majority 

class. This can reduce the accuracy value of the 

classification results [4]. In classification problems, class 

imbalance is defined as having the majority of 

observations from one class, which makes it challenging 

for the classifier to detect the minority group. Many 

researchers studied class imbalance problem classification 

and presented solutions [5]. Data mining can be a useful 

tool in analyzing car insurance claim data. Data mining is 

the process of extracting and analyzing massive data to 

identify useful patterns or relationships in data [6]. 

Several previous studies have been conducted to support 

the comparison of machine learning algorithms. In 2022, 

using Vehicle Claim Fraud data comparing Logistic 

Regression, K-Nearest Neighbor, Random Forest and 

XGBoost algorithms, it shows that the Random Forest 

algorithm has the highest accuracy rate of 98.5% in 

handling data imbalances in Vehicle Claim Fraud data. [7]. 

In addition, in 2023 using Algerian Forest Fires data and 

Random Undersampling techniques with the Decision Tree 

algorithm resulted in an accuracy of 94.52% and an ROC 

value of 0.950 in handling data imbalances [8]. 

Furthermore, in 2018 using German credit data comparing 

Random Forest, K-Nearest Neighbor, Naïve Bayes and J48 

showed that the Random Forest algorithm has an accuracy 

of 90.10% in handling data imbalances [9]. 

This study aims to compare SMOTE Oversampling and 

Undersampling sampling techniques on Decision Tree 

algorithms, Random Forest, Naïve Bayes, K-Nearest 

Neighbors and Logistic Regression. By selecting machine 

learning algorithms that are most effective at classifying 
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fraud labels on auto insurance claim data, auto insurance 

companies can improve the effectiveness of predicting 

fraud and reduce the risk of financial loss. Class 

imbalances can have a negative impact on classification 

outcomes because often minority classes will be 

misclassified as majority classes [10]. 

2. Materials and Methods 

2.1. Data Mining  

Data Mining is a term that used to decipher knowledge 

discovery within a database [11].Data mining is the 

process of extracting useful knowledge or information 

from large, complex, and varied data. This algorithm uses 

probability theory to determine the probability of an event 

based on available data. This process involves several 

techniques, such as classification, grouping, association, 

and prediction, to find patterns, relationships, and trends 

hidden in the data [12]. According to Florin Gorunescu, 

classification is one of the main techniques in data mining 

used to build predictive models [12]. 

2.2. SMOTE and Undersampling 

SMOTE (Synthetic Minority Over-sampling Technique) is 

a commonly used method to overcome data imbalance by 

producing synthetic samples from minority classes [13]. 

Undersampling involves reducing the number of samples 

from the majority class to align with the number of 

samples from the minority class [9].  

2.3. Evaluation and Validation Techniques 

2.3.1. Cross Validation 

Cross-validation is a technique used in Machine Learning 

and statistics to evaluate the performance of predictive 

models using available data [14]. Cross-Validation is used 

to ensure that the model built can be well generalized to 

datasets not seen before. Cross-validation involves 

dividing a dataset into subsets and using those subsets to 

train and test models [15].  

2.3.2. Confusion Matrix 

A confusion matrix is a table used to measure the 

performance of classification models in predicting target 

class labels. Confusion matrix is usually used in 

Supervised Learning to evaluate the results of model 

predictions and to make comparisons between 

classification techniques, can be done through several 

evaluation matrices such as [16]. 

1 Accuracy 

Accuracy is used to measure how accurately the model 

predicts the correct class from a given dataset. Accuracy is 

calculated as the number of correct predictions divided by 

the total number of predictions. Mathematical equations to 

calculate accuracy using equation 1 [17]. 

   (1) 

2 Precision 

Precision measures how many predictions are correct from 

all positive predictions made by the model. Precision can 

be calculated as the ratio between the number of true 

positive predictions and the total number of positive 

predictions (true positives and false positives). 

Mathematical equations for calculating precision using 

equation 2 [18]. 

   (2) 

3 Recall 

Recall measures how many correct predictions from all 

data are actually positive in a dataset. Recalls can be 

calculated as the ratio between the number of true positives 

and the total number of true positives and false negatives. 

Mathematical equation for calculating recall using 

equation 3 [19]. 

   (3) 

4 T-Test 

The T-test is a statistical technique used to compare the 

average of two independent groups of data. The T-test is 

one of the commonly used methods in data analysis and 

experimentation, and can help determine whether or not 

the differences between two groups of data are statistically 

significant [14]. 

5 ROC Curve 

The ROC (Receiver Operating Characteristic) curve is 

depicted in two dimensions, with True Positive (TP) levels 

plotted on the Y axis and False Positive (FP) levels plotted 

on the X axis. However, to determine a better 

classification, the AUC (Area Under the ROC Curve) 

calculation method is used which represents the area under 

the ROC curve. AUC is interpreted as probability [14]. 

AUC (Area Under the Curve) is an evaluation metric that 

measures the discriminatory performance of a model by 

estimating the output probability of a randomly selected 

sample of positive or negative populations [20]. The 

greater the AUC value, the stronger the classification 

capabilities possessed by the model. Since AUC is part of 

the area under the ROC curve, the AUC value is always 

between 0.0 and 1.0 [6]. The classification of AUC values 

is in the Table 1. 

Table 1. AUC value 

AUC value Classification 

0.90 - 1.00 Best 

0.80 - 0.90 Good 
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0.70 - 0.80 Fair or Equal 

0.60 - 0.70 Low 

0.50 - 0.60 Fail 

2.4. Naïve Bayes 

Naïve Bayes is a classification algorithm based on 

probability theory and statistics [21]. This algorithm is 

capable of processing classification with probability and 

statistical methods based on Thomas Bayes theorem, 

which predicts future opportunities based on previously 

available historical data [22]. This method will calculate a 

set of probabilities by summing the frequencies and 

combinations of values from a given dataset [23]. 

2.5. Decision Tree 

Decision tree is a predictive model used in data mining and 

machine learning to predict target values based on a set of 

rules and conditions [24]. This model is built like a tree 

with roots, branches, and leaves, where each branch and 

leaf represents a condition or decision [25].  

2.6. Random Forest 

Random Forest is an ensemble algorithm in data mining 

and machine learning used for classification and regression 

tasks [26]. This algorithm is a combination of several 

decision trees that are randomly generated and taken on 

average (forest). 

2.7. K-Nearest Neighbor 

K-Nearest Neighbor is a machine learning classification 

and regression algorithm that uses nearby labeled data to 

predict a class or target value from unlabeled data [27].  

Then, predictions are made by voting the majority of the 

class or target value of the k-nearest neighbors. 

2.8. Logistic Regression 

Logistic Regression is a classification method used to 

predict categories or classes of data based on several input 

variables or attributes [28]. This method uses logistic 

regression models to model the probability that certain data 

will fit into a single class or category. 

3. METODOLOGY 

3.1. Research Methodology 

Comparative method is a method by comparing a variable 

between two or more groups or samples. This method is 

used to compare differences or similarities between 

different groups or samples. The results of the evaluation 

of model performance from the algorithm are collected and 

analyzed, using relevant metrics such as accuracy, 

precision and recall. Then, the results of the analysis are 

interpreted to determine which algorithm has better 

performance in solving the problem of classifying car 

insurance claim data. 

 

3.1.1. Knowledge Discovery in Database 

 Many data mining model processes that can be used 

include Knowledge Discovery Databases (KDD), Cross 

Industry Standard Process (CRISP-DM), and Sample, 

Explore, Modify, Model, Access (SEMMA). this research 

uses Knowledge Discovery Databases [29]. Data mining 

has many stages and techniques that can be implemented 

[30]. 

 

Fig 1. Research Flow 

The KDD process is shown by Figure 1, involves steps 

such as data selection, data processing, data 

transformation, modeling and evaluation of the results in 

this study, namely: 

1. Data Selection 

 The auto insurance claims dataset is selected from 

kaggle.com, an open-source site that provides a variety of 

data sets. The data was collected using Angoss Knowledge 

Seeker software from January 1994 to December 1996. 

There are 33 attributes in this dataset, and the class 

attribute indicates whether a claim is considered fraud or 

not. In total, there are 15,420 claim records in excel 

format.  

2. Data Preprocessing 

 In this stage, clean the data from defects and objections, 

such as missing and duplicate data.  

3. Data Transformation 

 At this stage, the data is transformed or transformed into 
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a form that is easier for rapid miners to understand and 

process, such as changing the data format. 

4. Data mining 

At this stage, machine learning models are built to predict 

whether an insurance claim is fraudulent or not. Some 

machine learning algorithms that can be used, including 

Naïve Bayes, Decision Tree, Random Forest, K-Nearest 

Neighbor and Logistic Regression.  

5. Data Mining Evaluation 

The model built is evaluated to find out how well it 

performs in predicting fraud labels. Using AUC and Matrix 

values that can be used, including accuracy, precision and 

recall. 

3.1.2. Data Collection Techniques 

Secondary data is data that has been collected by another 

party for other purposes and is available for use by another 

party for research or analysis purposes. In this study car 

insurance claim data was taken from kaggle.com, this data 

has 33 attributes and finally classification whether this is 

considered as fraud or not as a class attribute and contains 

15,420 policy claim records and 33 features. 

3.1.3. Population and Sample 

The population in this study is all car insurance claim data 

that has a fraud label within a certain period of time with a 

total of 33 attributes. The sample in the study was a 

randomly selected amount of auto insurance claim data 

from a larger population. The sample is used to represent 

the characteristics and variability of overall auto insurance 

claims in that population. 

3.1.4. Independent and Dependent Variables 

Independent variables are variables that affect or influence 

the occurrence of fraud in car insurance claims. In this 

study, the independent variable is all attributes of car 

insurance claim data, while the dependent variable is the 

variable you want to research or explain, namely the 

occurrence of fraud. 

4. Results and Discussion 

4.1. Data Selection 

The data is taken from Kaggle which is an open-source site 

that has many datasets. This dataset was collected by 

Angoss Knowledge Seeker software from January 1994 to 

December 1996. This data has 33 attributes and is 

considered fraudulent or not as a class attribute and 

contains 15,420 claim records with excel format. Data that 

has 33 attributes has a missing value of 320 values in the 

age attribute is shown by Figure 2. To fill in the missing 

attribute values will be done at the Data Preprocessing 

stage. 

4.2. Preprocessing Data  

In the Data Preprocessing stage, the first stage is to remove 

duplicate data in the next dataset in the car insurance claim 

data there are 320 age attributes that have a value of 0 

replaced with the average number in age so that there is no 

missing value in the dataset.  The result of data 

preprocessing is shown by Figure 3. 

 

Fig 2. Car insurance claims dataset  

 

Fig 3. Results of Data Preprocessing 

4.3. Transformation Data 

Data Transformation changes the values of the Age, 

Deductible, Driver Rating and RepNumber attributes with 

the generate operator. In the age attribute, it is divided into 

3 age values, namely adolescents, adults and the elderly. 

Deductible attributes are divided into 3 values, namely 

light, medium and heavy. Attributes Driver Rating is 

divided into 2 values, namely good and less good and the 

Rep Number attribute is changed to broker 1 to broker 16. 

 

Fig 4. Results of Data Transformation 

4.4. Data mining 

4.4.1. Naïve Bayes 

1 Naïve Bayes Algorithm Performance Without 

Sampling Technique 

Table 2 and Figure 5 are the results of the performance of 

the Naïve Bayes algorithm in predicting fraud labels 
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without sampling techniques resulting in an execution time 

of 0 seconds with recall no results of 97.26%, recall yes of 

11.48%, precision no of 94.52% and precision yes of 

21.07% with accuracy of 92.13% and AUC of 0.784. From 

these results show that the performance of the Naïve Bayes 

algorithm without using sampling techniques is able to 

detect and accurately predict class no but this model is not 

good at detecting and accurate in predicting class yes. 

From these results, the yes class is considered not optimal 

because the data is considered unbalanced so that it will be 

compared sampling techniques for the Naïve Bayes 

algorithm. 

Table 2. Naïve Bayes Algorithm Performance Without 

Sampling Technique 

 
True 

No 
True Yes 

Class 

Precisio

n 

Pred. No 14100 817 94.52% 

Pred. Yes 397 106 21.07% 

Class 

Recal

l 

97.26% 11.48%  

 

 

Fig 5. AUC Naïve Bayes algorithm without sampling 

technique 

2 Naïve Bayes Algorithm Performance using 

Oversampling Technique 

Table 3 and Figure 6 are the results of the performance of 

the Naïve Bayes algorithm using the SMOTE 

Oversampling Technique resulting in an execution time of 

25 seconds with recall no results of 62.46%, recall yes of 

89.51%, precision no of 85.62% and precision yes of 

70.45% with an accuracy of 75.98% and AUC of 0.820. 

These results are considered to have the ability to 

distinguish between the two classes. From these results, it 

shows that the performance of the Naïve Bayes algorithm 

using the Oversampling technique is less capable of 

detecting class no but has a fairly good level of accuracy in 

predicting class no. In predicting yes class, this model has 

a fairly good value in detecting and its level of accuracy. 

From these results, recall no is considered not optimal and 

decreased from the technique without sampling, because 

the data is balanced so that the results show the lack of 

performance of the Naïve Bayes algorithm. 

Table 3. Naïve Bayes Algorithm Performance using 

Oversampling Technique 

 
True 

No 
True Yes 

Class 

Precisio

n 

Pred. No 9055 1521 85.62% 

Pred. Yes 5442 12976 70.45% 

Class 

Recall 
62.46% 89.51%  

 

 

Fig 6. AUC Naïve Bayes Algorithm using Oversampling 

Technique 

3 Naïve Bayes Algorithm Performance using 

Undersampling Technique 

Table 4 and Figure 7 are the results of the performance of 

the Naïve Bayes algorithm using the Undersampling 

Technique resulting in an execution time of 0 seconds with 

the result of recall no value of 59.91%, recall yes of 

86.02%, precision no of 81.09% and precision yes of 

68.21% with an accuracy of 72.97% and AUC of 0.785. 

These results are considered to have little ability to 

distinguish between the two classes. From these results, it 

shows that the performance of the Naïve Bayes algorithm 

using undersampling techniques is less able to detect class 

no but has a very good level of accuracy in predicting class 

no. In predicting yes classes this model has a fairly good 

value in detecting and a very good value in its level of 

accuracy. From these results, recall no and precision yes 

are considered not optimal, because the data is balanced so 

that the results show the lack of performance of the Naïve 

Bayes algorithm. 
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Table 4. Naïve Bayes Algorithm Performance using 

Undersampling Technique 

 True No True Yes 

Class 

Precisio

n 

Pred. No 553 129 94.52% 

Pred. Yes 370 794 68.21% 

Class 

Recall 
59.91% 86.02%  

 

 

Fig 7. AUC Naïve Bayes Algorithm using UnderSampling 

Technique 

4 Evaluation of the Naïve Bayes Algorithm Model 

Table 5 is the result of the T-test resulting in the Naïve 

Bayes algorithm having a significant difference between 

using Oversampling and Undersampling techniques based 

on a probability of 0.05. The results of the comparison of 

Naïve Bayes using Oversampling and Undersampling 

techniques also have significant differences based on a 

probability of 0.05. Therefore, the significant difference in 

T-test results suggests that the use of Oversampling and 

Undersampling techniques in the Naïve Bayes algorithm 

has a significant influence on performance and 

classification results. 

Table 5. Comparison Results of Naïve Bayes Algorithm T-

test 

 

Naïv

e 

Baye

s 

NB 

Oversamplin

g 

NB 

Undersampli

ng 

Naïve Bayes  0.000 0.040 

NB 

Oversampling 
  0.000 

NB 

Undersampli

ng 

   

After seeing significant results, compare the evaluation 

matrix to measure model performance. Table 6 is the result 

of prediction of the Naïve Bayes algorithm model in this 

study better by using the Oversampling technique which 

produces the highest detecting value and accuracy in the 

comparison of the Naïve Bayes algorithm model which 

means the Model with the Oversampling technique is the 

most optimal model in predicting fraud labels. The decline 

in accuracy of the Naïve Bayes algorithm shows the 

weakness of the dataset after the data is balanced that the 

attributes in the dataset are not related to each other or 

have no dependencies on each other. 

Table 6. Performance Evaluation of Naïve Bayes 

Algorithm 

Metric & 

AUC 

Naïve 

Bayes 

NB 

Oversampling 

NB 

Undersampling 

Accuracy 92.13% 75.98% 72.97% 

AUC 0.784 0.820 0.785 

Recall 11.49% 89.51% 86.03% 

Recall 

Yes 
11.48% 89.51% 86.02% 

Recall 

No 
97.26% 62.46% 59.91% 

Precision 21.10% 70.46% 68.30% 

Precision 

Yes 
21.07% 70.45% 68.21% 

Precision 

No 
94.52% 85.62% 81.09% 

Time 
0 

second 
25 second 0 second 

 

4.4.2. Decision Tree 

1 Decision Tree Without Sampling Technique 

Table 7 and Figure 8 are the results of the performance of 

the Decision Tree Algorithm without the Sampling 

technique resulting in an execution time of 0 seconds with 

recall no results of 100.00%, recall yes of 0.00%, precision 

no of 94.01% and precision yes of 0.00% with an accuracy 

of 94.01% and AUC of 0.500. These results are considered 

to have no ability to distinguish between the two classes, 

indicating that the model has the same performance as 

random prediction or a model that does not have predictive 

ability. From these results, the yes class is considered not 

optimal because the data is considered unbalanced so that 

it will be compared to sampling techniques for the 

Decision Tree algorithm. 
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Table 7. Decision Tree Algorithm Performance Without 

Sampling Technique 

 True No True Yes 

Class 

Precisio

n 

Pred. No 14479 923 94.01% 

Pred. Yes 0 0 0.00% 

Class 

Recal

l 

100.00% 0.00%  

 

 

Fig 8. AUC Decision Tree Algorithm Performance 

Without Sampling Technique 

2 Decision Tree Teknik Oversampling 

Table 8 and Figure 9 are the results of the performance of 

the Decision Tree algorithm using the Oversampling 

technique resulting in an execution time of 28 seconds with 

recall no results of 61.45%, recall yes of 94.97%, precision 

no of 92.44% and precision yes of 71.13% with an 

accuracy of 78.21% and AUC of 0.811. From these results, 

it shows that the performance of the Decision Tree 

algorithm using the Oversampling technique is less able to 

detect class no but shows a very good accuracy value in 

predicting class no and this model is very good at detecting 

class yes with a fairly good accuracy value. From these 

results, recall no is considered not optimal and has 

decreased from the technique without sampling, because 

the data has been balanced so that the results show the lack 

of performance of the Decision Tree algorithm. 

Table 8. Decision Tree Performance using Oversampling 

Technique 

 
True 

No 
True Yes 

Class 

Precisio

n 

Pred. No 8908 729 92.44% 

Pred. Yes 5589 13768 71.13% 

Class 

Recal

l 

61.45% 94.97%  

 

 

Fig 9. AUC Performance of Decision Tree Algorithm 

using Oversampling Technique 

3 Decision Tree Undersampling Techniques 

Table 9 and Figure 10 are the results of the performance of 

the Decision Tree algorithm using Undersampling 

techniques resulting in an execution time of 0 seconds with 

recall no results of 67.50%, recall yes of 78.66%, precision 

no of 75.98% and precision yes of 70.76% with an 

accuracy of 73.08% and AUC of 0.767. From these results, 

it shows that the performance of the Decision Tree 

algorithm using the Undersampling technique is less able 

to detect class no but shows a fairly good accuracy value in 

predicting class no and this model is quite good in 

detecting class yes with a fairly good accuracy value. From 

these results, recall no is considered not optimal, because 

the data is balanced so that the results show the lack of 

performance of the Decision Tree algorithm. 

Table 9. Decision Tree Algorithm Performance using 

Undersampling Techniques 

 
True 

No 

True 

Yes 

Class 

Precisio

n 

Pred. No 623 197 75.98% 

Pred. Yes 300 726 70.76% 

Class 

Recal

l 

67.50% 78.66%  

 

Fig 10. AUC Decision Tree using Undersampling 

Technique 
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4 Evaluasi Model Algoritma Decision Tree 

Table 10 is the result of the T-test resulting in the Decision 

Tree algorithm has a significant difference between using 

Oversampling and Undersampling techniques based on a 

probability of 0.05. The results of the Decision Tree 

comparison using Oversampling and Undersampling 

techniques also have significant differences based on a 

probability of 0.05. Therefore, the significant difference in 

T-test results shows that the use of Oversampling and 

Undersampling techniques in the Decision Tree algorithm 

has a significant influence on performance and 

classification results. 

Table 10. Decision Tree Algorithm T-test Comparison 

Results 

 

Decisio

n 

Tree 

DT 

Oversampli

ng 

DT 

Undersampl

ing 

DecisionTre

e 
- 0.000 0.001 

DT 

Oversampli

ng 

- - 0.000 

DT 

Undersampl

ing 

- - - 

 

Table 11 is the result of the prediction metric of the 

Decision Tree model in this study better by using the 

Oversampling Technique which produces the highest 

detecting value and accuracy in the comparison of Naïve 

Bayes algorithm models which means the Model with 

Oversampling technique is the most optimal model in 

predicting fraud labels Then supported by the highest AUC 

value in the comparison of classification models which 

means the Model with Oversampling Techniques goes into  

good category. The accuracy results produced in this 

experiment resulted in a decrease compared to without 

sampling techniques, but the AUC results produced were 

more optimal than without sampling techniques so that 

using Oversampling and Undersampling techniques 

entered into fair or equal. 

Table 11. Decision Tree Algorithm Performance 

Evaluation 

Matrix 

& AUC 

Decision 

Tree 

DT 

Oversampling 

DT 

Undersampling 

Accuracy 94.01% 78.21% 73.08% 

AUC 0.500 0.811 0.767 

Recall 0.00% 71.21% 70.74% 

Recall 

Yes 
0.00% 94.97% 78.66% 

Recall 100.00% 61.45% 67.50% 

No 

Precision unknown 94.97% 78.45% 

Precision 

Yes 
0.00% 71.13% 70.76% 

Precision 

No 
94.01% 92.44% 75.98% 

Time 0 second 28 second 0 second 

 

4.4.3. Random Forest 

1 Random Forest Without Sampling Technique 

Table 12 and Figure 11 are the results of the performance 

of the Random Forest algorithm without sampling 

techniques resulting in an execution time of 7 seconds with 

recall no results of 100.00%, recall yes of 0.11%, precision 

no of 94.02% and precision yes of 100.00% with accuracy 

of 94.02% and AUC of 0.681. These results are considered 

to have no ability to distinguish between the two classes, 

indicating that the model has the same performance as 

random prediction or a model that does not have predictive 

ability. From these results, recall yes is considered not 

optimal because the data is considered unbalanced so that 

it will be compared sampling techniques for the Random 

Forest algorithm. 

Table 12. Performance of Random Forest Algorithm 

Without Sampling Technique 

 True No True Yes 

Class 

Precisi

on 

Pred. No 14497 922 94.02% 

Pred. Yes 0 1 100.00% 

Class 

Recal

l 

100.00% 0.11%  

 

 

Fig 11. AUC Performance of Random Forest Algorithm 

Without Sampling Technique 

2 Random Forest Teknik Oversampling 

Table 13 and Figure 12, the results of the performance of 
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the Random Forest algorithm using the Oversampling 

technique resulted in an execution time of 40 seconds with 

recall no results of 83.28%, recall yes of 97.25%, precision 

no of 96.80% and precision yes of 85.33% with an 

accuracy of 90.26% and AUC of 0.980. From these results, 

it shows that the performance of the Random Forest 

algorithm using the Oversampling technique is able to 

detect class no well and shows a very good accuracy value 

in predicting class no and this model is very good in 

detecting class yes with a good accuracy value. 

Table 13. Performance of Random Forest Algorithm using 

Oversampling Technique 

 True No True Yes 
Class 

Precision 

Pred. No 12073 399 96.80% 

Pred. Yes 2424 14098 85.33% 

Class 

Recall 
83.28% 97.25%  

 

 

Fig 12. AUC Performance of Random Forest Algorithm 

using Oversampling Technique 

3 Random Forest Undersampling Techniques 

Table 14 and Figure 13 are the results of the performance 

of the Random Forest algorithm using Undersampling 

techniques resulting in an execution time of 1 second with 

recall no results of 64.03%, recall yes of 83.97%, precision 

no of 79.97% and precision yes of 70.01% with an 

accuracy of 74.00% and AUC of 0.789. From these results, 

it shows that the performance of the Random Forest 

algorithm using the Oversampling technique is less able to 

detect class no but shows a fairly good accuracy value in 

predicting class no and this model is good at detecting 

class yes with a fairly good accuracy value. From these 

results, recall no is considered not optimal, because the 

data is balanced so that the results show the lack of 

performance of the Random Forest algorithm. 

Table 14. Performance of Random Forest Algorithm using 

Undersampling Technique 

 True No True Yes 

Class 

Precisio

n 

Pred. No 591 148 79.97% 

Pred. Yes 332 775 70.01% 

Class 

Recal

l 

64.03% 83.97%  

 

 

Fig 13. AUC Random Forest Algorithm using 

Undersampling Technique 

4 Evaluation of the Random Forest Algorithm Model 

Table 15 is the result of the T-test resulting in the Random 

Forest algorithm has a significant difference between using 

Oversampling and Undersampling techniques based on a 

probability of 0.05. The results of the Random Forest 

comparison using Oversampling and Undersampling 

techniques also have significant differences based on a 

probability of 0.05. Therefore, the significant difference in 

T-test results shows that the use of Oversampling and 

Undersampling techniques in the Random Forest algorithm 

has a significant influence on performance and 

classification results. 

Table 15. Comparison Results of T-test Random Forest 

Algorithm 

 

Rando

m 

Forest 

RF 

Oversampli

ng 

RF 

Undersampli

ng 

Random 

Forest 
- 0.000 0.000 

RF 

Oversamplin

g 

- - 0.000 

RF 

Undersampli

ng 

- -  
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Table 16 is the result of the prediction metric of the 

Random Forest algorithm model in this study is better by 

using the Oversampling Technique which produces the 

highest detecting value and accuracy in the comparison of 

the Random Forest algorithm model which means the 

Model with Oversampling technique is the most optimal 

model in predicting fraud labels Then supported by the 

highest AUC value in the comparison of classification 

models which means Model with Technique  

Oversampling falls into the excellent category. The 

accuracy results produced in this experiment resulted in a 

decrease compared to without sampling techniques, but the 

AUC results produced were more optimal than without 

sampling techniques so that using Oversampling and 

Undersampling techniques entered the best and fairest or 

the same. 

Table 16. Random Forest Algorithm Model Performance 

Matrix 

& AUC 

Random 

Forest 

RF 

Oversampling 

RF 

Undersampling 

Accuracy 94.02% 90.26% 74.00% 

AUC 0.681 0.980 0.789 

Recall 0.11% 97.25% 83.96% 

Recall 

Yes 
0.11% 97.25% 83.97% 

Recall 

No 
100.00% 83.28% 64.03% 

Precision 100.00% 85.33% 85.33% 

Precision 

Yes 
100.00% 85.33% 70.12% 

Precision 

No 
94.02% 96.80% 79.97% 

Time 7 second 40 second 1 second 

 

4.4.4. K-Nearest Neighbor 

1 K-Nearest Neighbor Without Sampling Technique 

Table 17 and Figure 14, the results of K-Nearest Neighbor 

performance without sampling techniques resulted in an 

execution time of 37 seconds with recall no results of 

99.91%, recall yes of 1.41%, precision no of 94.09% and 

precision yes of 50.00% with accuracy of 94.01% and 

AUC of 0.676. These results are considered to have no 

ability to distinguish between the two classes, indicating 

that the model has the same performance as random 

prediction or a model that does not have predictive ability. 

From these results, recall yes and precision yes are 

considered not optimal because the data is considered 

unbalanced so that sampling techniques for the K-Nearest 

Neighbor algorithm will be compared. 

 

 

Table 17. Performance of K-Nearest Neighbor Algorithm 

Without Sampling Technique 

 True No True Yes 

Class 

Precis

ion 

Pred. No 14484 910 94.09% 

Pred. Yes 13 13 50.00% 

Class 

Recall 
99.91% 1.41%  

 

 

Fig 14. AUC Performance of K-Nearest Neighbor 

Algorithm Without Sampling Technique 

2 K-Nearest Neighbor Oversampling Technique 

Table 18 and Figure 15, the results of the performance of 

the K-Nearest Neighbor algorithm using the Oversampling 

technique resulted in an execution time of 2:35 minutes 

with recall no results of 81.88%, recall yes of 99.03%, 

precision no of 98.83% and precision yes of 84.53% with 

an accuracy of 90.46% and AUC of 0.984. From these 

results, it shows that the performance of the K-Nearest 

Neighbor algorithm using the Oversampling technique is 

able to detect class no well and shows a very good 

accuracy value in predicting class no and this model is 

very good in detecting class yes with a good accuracy 

value. 

Table 18. Performance of K-Nearest Neighbor Algorithm 

using Oversampling Technique 

 True No True Yes 

Class 

Precisio

n 

Pred. No 11870 140 98.83% 

Pred. Yes 2627 14357 84.53% 

Class 

Recal

l 

81.88% 99.03%  
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Fig 15. AUC Performance of K-Nearest Neighbor 

Algorithm using Oversampling Technique 

3 K-Nearest Neighbor Undersampling Technique 

Table 19 and Figure 16, the results of the performance of 

the K-Nearest Neighbor algorithm using the 

Undersampling technique resulted in an execution time of 

0 seconds with recall no results of 60.56%, recall yes of 

76.71%, precision no of 72.22% and precision yes of 

66.04% with an accuracy of 68.64% and AUC of 0.758. 

From these results, it shows that the performance of the K-

Nearest Neighbor algorithm using the Undersampling 

technique is not good in detecting class no and shows a 

fairly good accuracy value in predicting class no and this 

model is quite good at detecting class yes with a poor 

accuracy value. From these results, recall no and precision 

yes are considered not optimal and have decreased from 

the technique without sampling, because the data has been 

balanced so that the results show the lack of performance 

of the K-Nearest Neighbor algorithm. 

Table 19. Performance of K-Nearest Neighbor Algorithm 

using Undersampling Technique 

 True No True Yes 

Class 

Precisio

n 

Pred. No 559 216 72.2% 

Pred. Yes 364 708 66.04% 

Class 

Recal

l 

60.56% 76.71%  

 

 

Figure 16. AUC K-Nearest Neighbor Using 

Undersampling Technique 

4 Evaluation of the K-Nearest Neighbor Algorithm 

Model 

Table 20 is the result of the T-test resulting in the K-

Nearest Neighbor algorithm has a significant difference 

between using Oversampling and Undersampling 

techniques based on a probability of 0.05. The results of 

the K-Nearest Neighbor comparison using Oversampling 

and Undersampling techniques also have a significant 

difference based on a probability of 0.05. Therefore, the 

significant difference in T-test results shows that the use of 

Oversampling and Undersampling techniques in the K-

Nearest Neighbor algorithm has a significant influence on 

performance and classification results. 

Table 20. Comparison Results of K-Nearest Neighbor 

Algorithm T-test 

 

K-

N

N 

K-NN 

Oversamplin

g 

K-NN 

Undersamplin

g 

K-NN - 0.000 0.000 

K-NN 

Oversampling 
- - 0.000 

K-NN 

Undersamplin

g 

- -  

 

Table 21 is the result of the prediction matrix of the K-

Nearest Neighbor model in this study better by using the 

Oversampling Technique which produces the highest 

detecting value and accuracy in the comparison of the K-

Nearest Neighbor algorithm model which means the Model 

with Oversampling technique is the most optimal model in 

predicting fraud labels Then supported by the highest AUC 

value in the comparison of classification models which 

means Model with Technique  Oversampling falls into the 

excellent category. The accuracy results produced in 

Oversampling and Undersampling techniques produce a 

decrease compared to without sampling techniques, but the 

AUC results produced are more optimal than without 

sampling techniques so that using Oversampling and 
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Undersampling techniques falls into the best and fairest or 

the same category. 

Table 21. Performance Evaluation of K-Nearest Neighbor 

Algorithm Model 

Matrix & 

AUC 
K-NN 

K-NN 

Oversampling 

K-NN 

Undersampling 

Accuracy 94.01% 90.46% 68.64% 

AUC 0.676 0.984 0.758 

Recall 94.01% 99.03% 74.87% 

Recall 

Yes 
1.41% 99.03% 76.71% 

Recall No 99.91% 81.88% 60.56% 

Precision 44.33% 84.54% 63.68% 

Precision 

Yes 
50.00% 84.53% 66.04% 

Precision 

No 
94.09% 98.83% 72.22% 

Time 
37 

second 
2:35 minute 0 second 

 

4.4.5. Logistic Regression 

1 Logistic Regression Without Sampling Technique 

Table 22 and Figure 17 the results of Logistic Regression 

performance without sampling techniques resulted in an 

execution time of 4 seconds with Recall no results of 

99.82%, Recall yes of 1.19%, precision no of 94.07% and 

precision yes of 28.73% with an accuracy of 93.92% and 

AUC of 0.791. These results are considered to have no 

ability to distinguish between the two classes, indicating 

that the model has the same performance as random 

prediction or a model that does not have predictive ability. 

From these results, recall yes and precision yes are 

considered not optimal because the data is considered 

unbalanced so that sampling techniques for the Logistic 

Regression algorithm will be compared. 

Table 22. Performance of Logistic Regression Algorithm 

Without Sampling Technique 

 True No True Yes 
Class 

Precision 

Pred. No 14471 912 94.07% 

Pred. Yes 26 11 29.73% 

Class 

Recall 
99.82% 1.19%  

 

 

Fig 17. AUC Logistic Regression Performance Without 

Sampling Technique 

2 Logistic Regression Oversampling Technique 

Table 23 and Figure 18 are the results of the performance 

of the Logistic Regression algorithm using the 

Oversampling technique resulting in an execution time of 

33 seconds with the results of Recall no of 65.12%, Recall 

yes of 89.58%, precision no of 86.21% and precision yes 

of 71.98% with an accuracy of 77.35% and AUC of 0.834. 

From these results, it shows that the performance of the 

Logistic Regression algorithm using the Oversampling 

technique is not good in detecting class no and shows a 

good accuracy value in predicting class no and this model 

is good at detecting class yes with a fairly good accuracy 

value. From these results, recall no is considered not 

optimal and has decreased from the technique without 

sampling, because the data is balanced so that the results 

show the lack of performance of the Logistic Regression 

algorithm. 

Table 23. Performance of Logistic Regression Algorithm 

using Oversampling Technique 

 True No True Yes 

Class 

Precisio

n 

Pred. No 9441 1510 86.21% 

Pred. Yes 5056 12987 71.98% 

Class 

Recal

l 

65.12% 89.58%  
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Fig 18. AUC Performance of Logistic Regression 

Algorithm using Oversampling Technique 

3 Logistic Regression Undersampling Technique 

Table 24 and Figure 19, the results of the performance of 

the Logistic Regression algorithm using Undersampling 

techniques resulted in an execution time of 0 seconds with 

recall no results of 64.46%, ecall yes of 83.86%, precision 

no of 79.97% and precision yes of 70.24% with an 

accuracy of 74.16% and AUC of 0.789. From these results, 

it shows that the performance of the Logistic Regression 

algorithm using Undersampling techniques is not good at 

detecting class no and shows a fairly good accuracy value 

in predicting class no and this model is good at detecting 

class yes with a fairly good accuracy value. From these 

results, recall no is considered not optimal and has 

decreased from the technique without sampling, because 

the data is balanced so that the results show the lack of 

performance of the Logistic Regression algorithm. 

Table 24. Performance of Logistic Regression Algorithm 

using Undersampling Technique 

 True No True Yes 
Class 

Precision 

Pred. No 595 149 79.97% 

Pred. Yes 328 774 70.24% 

Class 

Recall 
64.46% 83.86%  

 

Fig 19. AUC Logistic Regression using Undersampling 

Technique 

4 Evaluation of the Logistic Regression Algorithm 

Model 

Table 25 is the result of the T-test resulting in a Logistic 

Regression algorithm has a significant difference between 

using Oversampling and Undersampling techniques based 

on a probability of 0.05. The results of the comparison of 

Logistic Regression using Oversampling and 

Undersampling techniques also have significant 

differences based on a probability of 0.05. Therefore, the 

significant difference in T-test results shows that the use of 

Oversampling and Undersampling techniques in the 

Logistic Regression algorithm has a significant influence 

on performance and classification results. 

Table 25. Comparison Results of T-test Logistic 

Regression Algorithm 

 

Logistic 

Regressi

on 

LR 

Oversampli

ng 

LR 

Undersampl

ing 

Logistic 

Regression 
 0.000 0.007 

LR 

Oversamplin

g 

  0.000 

LR 

Undersampli

ng 

   

 

Table 28 is the result of the prediction matrix of the 

Logistic Regression model in this study better by using the 

Oversampling Technique which produces the highest 

detection value and accuracy in the comparison of the 

Logistic Regression algorithm model which means the 

Model with Oversampling technique is the most optimal 

model in predicting fraud labels Then supported by the 

highest AUC value in the comparison of classification 

models which means Model with Technique  

Oversampling falls into the good category. The accuracy 

results produced in Oversampling and Undersampling 

techniques result in a decrease compared to without 

sampling techniques, but the AUC results produced are 

more optimal than without sampling techniques so that 

using Oversampling techniques falls into the fair or equal 

category.  
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Table 26. Performance Evaluation of Logistic Regression 

Algorithm Model 

Matrix & 

AUC 
LR 

LR 

Oversampling 

LR 

Undersampling 

Accuracy 93.92% 77.35% 74.16% 

AUC 0.791 0. 834 0.789 

Recall 1.19% 89.58% 83.86% 

Recall 

Yes 
1.19% 89.58% 83.86% 

Recall No 99.82% 65.12% 64.46% 

Precision 39.43% 71.98% 70.35% 

Precision 

Yes 
28.73% 71.98% 70.24% 

Precision 

No 
94.07% 86.21% 79.97% 

Time 4 second 33 second 0 second 

 

4.4.6. Machine Learning Algorithm Evaluation 

Table 27 is the evaluation result it can be concluded that 

the Random Forest (RF) algorithm and K-Nearest 

Neighbors (K-NN) algorithm with Oversampling models 

have excellent performance in predicting fraud cases, with 

high accuracy, AUC, recall, and precision. The Decision 

Tree (DT) algorithm and the Logistic Regression (LR) 

algorithm also provide good results in several evaluation 

metrics. However, the Naïve Bayes (NB) algorithm has 

relatively lower performance compared to other 

algorithms. 

Table 27. Machine learning Algorithm Model 

Performance Evaluation 

Matrix 

& AUC 

NB 

OS 

DT 

OS 

RF 

OS 

K-NN 

OS 

LR 

OS 

Accurac

y 

75.98

% 

78.21

% 

90.26

% 

90.46

% 

77.35

% 

AUC 0.820 0.811 0.980 0.984 0.834 

Recall 
89.51

% 

94.97

% 

97.25

% 

99.03

% 

89.58

% 

Recall 

Yes 

89.51

% 

94.97

% 

97.25

% 

99.03

% 

89.58

% 

Recall 

No 

62.46

% 

61.45

% 

83.28

% 

81.88

% 

65.12

% 

Precisio

n 

70.46

% 

71.21

% 

85.33

% 

84.54

% 

71.98

% 

Precisio 70.45 71.13 85.33 84.53 71.98

n Yes % % % % % 

Precisio

n No 

85.62

% 

92.44

% 

96.80

% 

98.83

% 

86.21

% 

Time 
25 

second 

28 

second 

40 

second 

2:35 

Minute 

33 

second 

 

The selection of the best algorithm for predicting fraud 

cases needs to be considered based on preferences, specific 

needs. However, in the context of predicting fraud cases, 

the most accurate and superior algorithm from the 

performance table results is the K-Nearest Neighbors (K-

NN) algorithm because based on the results of the K-NN 

matrix it is more optimal than the Random Forest (RF) 

algorithm even though it has the longest execution time. 

5. Conclusion  

Conclusion of Machine learning Algorithm Comparison 

Research Using Car Insurance Claim Data Based on this 

study. The performance of Decision Tree, K-Nearest 

Neighbor, Naïve Bayes, Random Forest, and Logistic 

Regression algorithms has been compared in predicting 

insurance claims. Performance evaluation is performed 

using evaluation matrices such as accuracy, AUC, recall, 

and precision. Based on the evaluation results, algorithms 

that provide good performance in predicting insurance 

claims can be identified the K-Nearest Neighbor algorithm 

and the Random Forest algorithm with the results of 

evaluating the accuracy of the K-Nearest Neighbor 

algorithm (90.46%), recall Yes (99.03%), recall No 

(81.88%), precision Yes (84.53), Precision No (98.83%) 

and AUC (0.984) then the Random Forest algorithm 

(90.26%), recall Yes (97.25%), recall No (83.28%),  

precision Yes (85.33%), Precision No (96.80%) and AUC 

(0.980), which can be used for better decision making in 

the vehicle insurance industry. 
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