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Abstract—Insurance companies rely on premium payments as their primary source of revenue. However, economic instability
often causes delays in premium payments, impacting revenue recording. This study applies the C4.5 Decision Tree algorithm
to classify insurance customers based on premium amount, age, income, and claim history, thereby improving product
recommendations. The research utilizes data mining techniques to analyze customer attributes and generate decision rules for
optimal insurance product selection. The findings indicate that customers with a premium of IDR 500,000 are best suited for
PRUMed Cover (PMC), while those with IDR 1,000,000 are recommended PRUCritical Benefit 88 (PCB88). For customers
with IDR 750,000, additional factors such as age and income level influence the recommended insurance type. The entropy
and information gain calculations identify premium amount as the most significant attribute for decision-making, followed by
age, income, and claim history. By implementing this method, insurance companies can enhance customer segmentation,
streamline product selection, and optimize marketing strategies. The transparent and interpretable decision tree structure
ensures regulatory compliance while improving customer satisfaction. Future research should explore additional variables, such
as behavioral data and regional trends, and compare C4.5 with other classification algorithms like Random Forest or Support
Vector Machines (SVM) to enhance accuracy and scalability.
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1. INTRODUCTION

The insurance industry is characterized by intense competition, requiring companies to constantly develop and refine
strategies to ensure the sustainability and growth of their business[1]. In this context, one of the most critical aspects
of maintaining a competitive edge is the effective use of data. Insurance companies accumulate vast amounts of data
over the years, including customer demographics, purchase histories, transaction records, and policy details.
However, these datasets are often underutilized, remaining in storage without being leveraged to their full potential.
Traditionally, these data have been used primarily for documentation purposes or basic statistical analysis. As the
industry evolves, there is a pressing need to extract greater value from this data, transforming it into actionable insights
that can support strategic decision-making. This has led to the rapid adoption of data mining techniques in the
insurance sector. Customer classification is a crucial aspect of the insurance business, impacting risk assessment,
pricing strategies, and fraud detection. Additionally, regulatory compliance issues often arise due to inaccurate
classification models, leading to hefty penalties and reputational damage. Currently, most insurance companies rely
on rule-based systems and basic statistical models for customer classification. These methods are often rigid and fail
to adapt to complex, non-linear relationships in customer data. Furthermore, manual intervention in the classification
process introduces biases and inefficiencies, making it challenging to personalize insurance offerings effectively.
Compared to these studies, our research implements the C4.5 Decision Tree algorithm, which offers better
interpretability and handles both categorical and continuous attributes efficiently. Unlike Naive Bayes, C4.5 does not
assume feature independence and provides a structured decision-making process that can be easily visualized and
interpreted. Additionally, in contrast to KNN, which requires extensive computational resources for large datasets,
C4.5 efficiently constructs a decision tree that reduces classification complexity. The role of data mining in insurance
extends beyond customer classification. Studies have explored its applications in fraud detection, claim prediction,
and underwriting risk assessment. Gupta et al. (2021) utilized a Random Forest algorithm to detect fraudulent claims
and achieved an 84% fraud detection rate[2], significantly reducing financial losses for insurance providers. Y.Han
et al. (2025) leveraged Support Vector Machines (SVM) for health insurance premium optimization, demonstrating
a 10% improvement in premium adjustment accuracy compared to traditional actuarial methods[3]. Despite these
advancements, there is still a need for a more transparent and adaptable classification framework that can support
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real-time decision-making. This study aims to address this gap by exploring the practical implementation of the C4.5
Decision Tree algorithm for insurance product classification.

Moreover, the application of data mining techniques aligns with the growing trend of data-driven decision-
making in the insurance industry. As digital transformation continues to reshape the industry, insurance companies
are increasingly investing in technologies that enable them to harness the power of their data. The ability to classify
and predict client behavior not only enhances operational efficiency but also supports the development of innovative
products and services tailored to changing consumer needs[4].

This research contributes to the broader body of knowledge on data mining applications in the insurance sector
by demonstrating the practical implementation of the C4.5 Decision Tree algorithm for insurance product
classification[5]. The study provides a comprehensive approach for transforming large datasets into actionable
insights, ultimately supporting more accurate and efficient decision-making processes. By adopting such data mining
techniques, insurance companies can improve their competitive positioning in the market, optimize their business
strategies, and provide a higher level of service to their clients. In conclusion, the application of the C4.5 Decision
Tree algorithm in insurance product classification represents a significant advancement in the use of data mining
techniques for business strategy optimization. This study illustrates the potential for such methodologies to
revolutionize the insurance sector, enabling companies to make data-driven decisions that align closely with client
needs and preferences.

2. RESEARCH METHODOLOGY

Knowledge Discovery in Databases (KDD) is a comprehensive process aimed at discovering and identifying
patterns within data, where these patterns must be valid, novel, useful, and understandable[6],[7]. KDD
encompasses the integration of scientific techniques for the discovery, interpretation, and visualization of patterns
in large datasets. It also involves the application of methods to integrate various scientific disciplines to extract
valuable insights from the available data[8]. Data mining is a fundamental aspect of KDD that focuses on
extracting hidden information from large volumes of data. It is not an entirely new field; rather, it combines and
inherits techniques from established disciplines such as statistics, artificial intelligence, and database systems. Data
mining can be applied across various domains, including marketing and financial management,
telecommunications, astronomy, and other fields, to address complex challenges. The significance of data mining
lies in its ability to manage vast amounts of data, facilitate transaction recording, and support data warehousing
processes, ultimately providing users with accurate and meaningful information. The primary reason data mining
has gained significant attention in the information industry in recent years is the availability of large-scale data
and the increasing need to transform this data into meaningful information and knowledge. The core focus of data
mining is extracting or mining knowledge from extensive datasets; the information derived from these processes
is crucial for development and strategic decision-making

2.1 Data Mining

Data mining is a series of processes designed to extract additional value from a dataset by uncovering knowledge
that was previously undetectable through manual methods[9], [10] The information generated is obtained by
extracting and identifying significant or interesting patterns within the data stored in databases. The emergence of
data mining is driven by the data explosion problem encountered in recent years, as many organizations have been
collecting vast amounts of data over time (such as purchase data, sales data, customer data, transaction data, etc).
Most of this data is entered using computer applications designed to manage daily transactions, which are
predominantly OLTP (Online Transaction Processing) systems. The need for data mining has arisen due to the
exponential growth in data volume, which has made it increasingly challenging for organizations to manually
analyze and extract meaningful insights.

By leveraging sophisticated algorithms and analytical techniques, data mining identifies patterns, trends,
and correlations that may not be immediately apparent through traditional methods. This approach enables
organizations to transform raw data into actionable insights, supporting decision-making processes and strategic
planning. As a result, data mining has become a vital tool for businesses seeking to gain a competitive advantage
and optimize their operations by making informed, data-driven decisions. The primary reason for utilizing data
mining is to assist in the analysis of behavioral observation collections. Such data are often susceptible to
collinearity due to known interrelationships. A critical and unavoidable fact about data mining is that the subset or
dataset being analyzed may not fully represent the entire domain, and as a result, it might not contain examples of
certain critical relationships and behaviors present in other parts of the domain. To address this issue, the analysis
can be enhanced through experimental-based approaches and other methodologies, such as Choice Modeling,
which is particularly effective for human-generated data. In these situations, inherent correlations can be either
controlled or eliminated during the construction of the experimental design. This ensures that the results obtained
are robust and unbiased, providing a more accurate representation of the underlying data patterns and
relationships[11]. By integrating these advanced techniques, data mining becomes a more reliable tool for
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extracting meaningful insights, even when faced with challenges related to dataset representativeness and data
interdependencies[12],[13].

2.2 Clasification Decision Three

A Decision Tree is a structure used to divide a large dataset into smaller subsets of records by applying a series of
decision rules[14], [15]. It is a powerful method for classification and prediction that simplifies complex decision-
making processes by breaking them down into a hierarchy of simpler decisions[16],[17]. Decision Tree follows a
top-down search strategy to find solutions. In the process of classifying unknown data, the value of an attribute is
tested by tracing the path from the root node to a leaf node[18][19]. The leaf node then provides a prediction for
the class that the new data instance belongs to. This step-by-step traversal ensures that each instance is evaluated
based on its attribute values until it reaches the appropriate class prediction. Decision Trees are advantageous
because they are intuitive, easy to interpret, and can handle both categorical and numerical data[20][21][22].
Additionally, they provide a visual representation that facilitates understanding of the decision-making process,
making them a popular tool in data mining and machine learning applications. By utilizing a systematic approach
to partition data based on attribute values, decision trees enable organizations to make data-driven decisions,
predict outcomes, and classify data efficiently, even with large and complex datasets.

2.2.1 Structure and Working of a Decision Tree

The classification process begins with the root node, which contains the entire dataset. The algorithm evaluates
each attribute to determine the best attribute to split the data, based on a criterion that maximizes the separation
between the different classes[23]. This process continues recursively, forming branches and nodes until the tree
reaches the leaf nodes, which indicate the predicted class labels. The process can be visualized as follows:

a. Root Node: The starting point containing the complete dataset.

b. Internal Nodes: Nodes where an attribute is tested to split the data into subsets.

c. Branches: Outcomes of the test applied at the internal nodes.

d. Leaf Nodes: Terminal points that provide the final class label for instances.

2.2.2 Splitting Criteria

A critical aspect of building a Decision Tree is selecting the attribute that best separates the data. Common criteria
for splitting include Information Gain, Gini Index, and Gain Ratio.
a. Gini Impurity (CART Algorithm)
The Gini impurity measures the likelihood of an incorrect classification of a randomly chosen element if it
were labeled according to the class distribution of a node[20],[24]. It is calculated as follows:

Gini(D) =1 — X, pf (1)

Gini(D) represents the impurity of the dataset D, where C is the number of classes, and p; is the proportion of
instances belonging to class i in the dataset D.

b. Entropy and Information Gain (ID3 Algorithm)
Entropy is another measure used to determine the impurity or disorder of a dataset. It quantifies the uncertainty
in the dataset by calculating the average amount of information needed to classify an instance correctly. The
entropy of a dataset DDD is given by:

HX) = = XL p(xi)log, (x;) )

H(X) represents the entropy of the variable X, where p(x;) is the probability of occurrence of each category x;
in X, and n is the number of distinct categories within the variable. Information Gain measures the reduction
in entropy (uncertainty) after splitting the data on a particular attribute. The formula for Information Gain is:

| Tyl
IG(T, A) = Entropy(T) — Yyevalues(a) "y Entropy(Tv) (3)

IG(T, A) represents the Information Gain of attribute A with respect to dataset T, indicating the reduction in
entropy after splitting the dataset based on attribute A. Entropy(T) is the entropy of the entire dataset T before
the split, measuring the level of disorder or impurity. Values(A) denotes the set of all possible values that
attribute A can take, while T, is the subset of T where attribute A has the value v. |T,| is the number of instances
in the subset Ty, |T| is the total number of instances in the dataset T, and Entropy(T,) is the entropy of the
subset T,.
c. Gain Ratio (C4.5 Algorithm)

C4.5 Algorithm is an extension of the ID3 algorithm used for generating a decision tree[25][26]. Developed
by Ross Quinlan, C4.5 addresses several limitations of ID3, making it one of the most popular algorithms for
decision tree construction. The algorithm is primarily used for classification tasks and can handle both
categorical and continuous data, which gives it a significant advantage in various applications. The C4.5
algorithm builds a decision tree by recursively partitioning the dataset based on the attribute that provides the
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most information gain relative to the target variable[27]. It extends the basic principles of the ID3 algorithm

by introducing several improvements:

1. Handles both continuous and discrete attributes.

2. Deals with missing values by estimating them using the distribution of known values.

3. Applies pruning to reduce the tree size and avoid overfitting.

4. Computes a Gain Ratio instead of pure information gain to prevent the bias towards attributes with many
distinct values.
The Gain Ratio is an extension of Information Gain, addressing its bias toward attributes with many distinct
values. It normalizes the information gain by considering the intrinsic information of the split:

IG(T,A)

Gain Rath(T' A) = Split Information(T,A)

(4)

Gain Ratio(D, A) is a metric used to evaluate the quality of an attribute A for splitting the dataset D,
balancing the Information Gain with the distribution of instances after the split. Information Gain(D, A)
refers to the reduction in entropy achieved by splitting the dataset based on attribute A, measuring how
effectively the attribute separates the data with respect to the target variable. Split Information(D, A), on
the other hand, represents the amount of information produced by dividing the dataset according to attribute
A, assessing how uniformly the instances are distributed among the resulting subsets.

Split Information(T, A) = ZveValueslTT—"| log, (%"l) (5)

Split Information(T, A) quantifies the information generated by splitting the dataset T using attribute A,
helping to evaluate how uniformly the data is divided. Values(A) refers to the set of all possible values that
attribute A can take, while T, represents the subset of dataset T where attribute A has the value v. |T,| is
the number of instances in the subset Ty, and |T| is the total number of instances in the original dataset T.

2.2.3 Type of Insurance Product

Insurance is a financial mechanism designed to mitigate risks and uncertainties faced by individuals or
organizations. By paying premiums, policyholders receive assurance that financial losses resulting from specific
events, such as accidents, natural disasters, or theft, will be compensated according to the terms of the policy.
Insurance plays a critical role in maintaining economic stability by distributing risk and providing financial
security. In the global economic context, insurance not only protects individuals and businesses but also supports
infrastructure development, investment, and innovation. The insurance industry is rapidly adapting to
technological changes, such as the use of big data and artificial intelligence, to streamline claims processes, assess
risks more accurately, and develop more personalized products. These advancements enable insurers to respond
more effectively to customer needs and improve operational efficiency. The study focuses on two specific types
of insurance products, each designed to cater to different needs and stages of life:
1. PRUCritical Benefit 88 (PCB)
Life insurance that provides comprehensive protection against the risk of critical illness up to the age of 88.
This product provides benefits in the form of payment claims if the insured is diagnosed with one of the 60
critical illnesses covered, as well as protection against the risk of death worldwide.
2. PRUPrime Healthcare (PHC)
A health insurance product that provides health protection with unlimited annual hospitalization benefits and
begins by selecting the coverage area (Indonesia, Asia, or global). This insurance covers medical care costs,
including surgery and intensive care, and provides protection up to the age of 99.
3. PRUMed Cover (PMC)
Health insurance that offers protection against the costs of hospitalization, surgery, and intensive care. This
product is designed to meet health protection needs and includes annual benefits that can be renewed in
accordance with the policy terms.

3. RESULT AND DISCUSSION
3.1. Data Selection

Data analysis involves breaking down complete data into a description with the aim of analyzing insurance data.
To analyze the data, several methods or stages can be applied to obtain the desired results. The analysis focuses
on insurance financing transaction data using Data Mining techniques. To minimize errors, the data selected is
limited to identifying the appropriate type of insurance product based on the customer's monthly premium, starting
with premium amounts of IDR 200,000, IDR 350,000, and IDR 500,000. Additionally, it considers customers'
income levels, distinguishing between those in the middle-to-upper category (earning more than IDR 3,000,000
per month) and those in the low-income category (earning less than IDR 3,000,000 per month), as well as the age
category of prospective customers. The personal data of potential customers is presented in Table 1. below. This
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table provides detailed information about the characteristics of each customer. This data provides information to
understand other relevant details of the prospective customer.

Table 1. Description of Personal Data of Prospective Customers

No Name Age  Policy Type l—ﬁlsi::'ly I?ﬁ;’;?)e Occupation Riches
1.  Budi Santoso 25 PCB 1 5,000,000  Engineer Sedan

2. Rini Wulandari 45 PMC 2 10,000,000 CEO Motorbike
3. Agus Pratama 35 PMC 0 7,500,000  Driver SUV

4.  Siti Nuraini 50 PCB 3 15,000,000 Business Owner Apartment
5. Joni Lesmana 30 PHC 1 3,000,000  Nurse SUV

6.  Indah Sari 55 PCB 3 12,000,000 Doctor Sedan

7.  Ahmad Fauzan 40 PMC 0 9,000,000 Accountant Motorbike
8. Dewi Hanum 60 PCB 2 13,000,000 Police Officer House

9.  Andi Saputra 20 PMC 1 8,000,000 Chef Motorbike
10. Lina Marlina 65 PCB 3 14,000,000 Lawyer Sedan
30. Yuliawati 26 PMC 3 13,000,000 Lawyer Sedan

The prospective customer data will later become a case in the operational data mining process. From the
existing data, the column taken as the attribute/decision variable is the Type of Insurance Product. While the
column taken as the determining variable in the formation of the decision tree is:

1. Age

2. Policy Type

3. Claim History

4. Premium Amount
5. Riches

3.2 Data Processing

The classification problem ends with the production of knowledge presented in the form of a diagram commonly
called a decision tree. To determine the type of insurance product that is right for a prospective customer, the
criteria considered are income and age. One of the attributes is an attribute that states the solution data per data
item called the target attribute. The following is customer data from individuals who already hold policies at PT.
Prudential Life Assurance. The following is data that can be used for training data. Complete data can be seen in
Table 2 below:

Table 2. List of Customer

Claim Premium . Policy

No Name Age History Amount (IDR) Riches  Income Type
1. Budi Santoso Young 1 500,000 Not Rich  Low PCB
2. Rini Wulandari  Old 2 750,000 Not Rich  Low PMC
3. Agus Pratama Young O 750,000 Not Rich  Low PMC
4. Siti Nuraini Old 3 1,000,000 Rich High PCB
5. Joni Lesmana Young 1 500,000 Not Rich  Low PHC
6. Indah Sari old 3 750,000 Not Rich  Low PCB
7. Ahmad Fauzan  Young 0 1,000,000 Not Rich  Low PMC
8. Dewi Sartika Oold 2 1,000,000 Rich High PCB
9. Andi Saputra Young 1 750,000 Not Rich  Low PMC
10. Lina Marlina Old 3 1,000,000 Not Rich  High PCB
30. Yuliawati Young 3 1,000,000 Not Rich  High PMC

Description:

Age: 20 Years to 40 Years is Young, 41 Years to 65 is Old

Claim History: 0 to 1 is Good, 2 to 3 is Not Good

Income: 5,000,000 to 9,000,000 is Low, above 10,000,000 is High

Property Type: Motorbike, Sedan, SUV is Not Rich, House, Apartement is Rich

3.3 Determine attribute values

From the sample data, first determine the selected node, namely by calculating the information gain value of each
attribute. Total Insurance Premium, Age, Income, Type of Insurance Product. To determine the selected node, use
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the information gain value of each criterion with the specified sample data. The selected node is the criterion with
the largest information gain. By using the equation no 2:

p(PRUMed Cover)z% = 0.533 =—0.533-log2 (0.533) = 0.487
p(PRUCcritical Benefit 88)= % =0.3=-0.3-log2 (0.3)=0.521

p(PRUPrime Healthcare)= % = 0.167=-0.167-log2 (0.167) = 0.427

Total Entropy=0.487+0.521+0.427=1.435

After obtaining the total Entropy information, it is continued by calculating the information value of each
attribute. From the data presented, the information value of the Insurance Premium attribute is known as in table
3. as follows:

Table 3. Value of Premium Amount Attribute Information

Insurance Premium (IDR) Type of Insurance Product Total

500,000 PRUPrime Healthcare 2
500,000 PRUMed Cover 2
500,000 PRUCritical Benefit 88 0
750,000 PRUPrime Healthcare 9
750,000 PRUMed Cover 3
750,000 PRUCritical Benefit 88 2
1,000,000 PRUPrime Healthcare 7
1,000,000 PRUMed Cover 5
1,000,000 PRUCTritical Benefit 88 0

For Premium Amount 500,000:
p(PRUMed Cover)=§ =0.5;

p(PRUCritical Benefit 88)=§ =0.5;

p(PRUPrime Healthcare)= % =0

Entropy=— [0.5-10g2(0.5) + 0.5-1og2 (0.5) + 0-1og2(0)] =—[0.5-(-1)+0.5-(-1)] =1
For Premium Amount 750,000:

p(PRUMed Cover)=% = 0.64;

p(PRUCritical Benefit 88)= = = 0.214;

p(PRUPrime Healthcare)= 12—4 =0.143

Entropy = —[0.643-10g2(0.643) + 0.214-10g2(0.214) + 0.143-1og2 (0.143)]
=-10.643-(—0.641) + 0.214-(—2.222) + 0.143-(—2.807)] = 1.287
For Premium Amount 1,000,000:

p(PRUMed Cover)=£ = 0.583;
p(PRUCritical Benefit 88)= % =0417;

p(PRUPrime Healthcare)= 10—2 =0
Entropy = — [0.583-10g2(0.583) + 0.417-10g2(0.417) + 0-1log2(0)]
=—[0.583-(—0.781)+0.417-(—1.266)]= 0.98
After getting the Insurance Premium attribute information, continue by calculating the value of the age
attribute information. From the data presented, the value of the age attribute information is known as in table 4. as
follows:

Table 4. Information Value of Age Attribute

Age Category Type of Insurance Product Total

Young PRUMed Cover 9
Young PRUPrime Healthcare 5
Young PRUCeritical Benefit 88 2
old PRUMed Cover 7
Old PRUPrime Healthcare 7
Old PRUCritical Benefit 88 0

For Young Age Category
p(PRUMed Cover)= = =0.562;

p(PRUPrime Healthcare)= % =0.312;
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p(PRUCritical Benefit 88)= % =0.125

Entropy = — [0.562-10og2 (0.562)+0.3125-log2 (0.3125) + 0.125-log2 (0.125)]
=—10.5625-(—0.837) + 0.3125- (-1.678) + 0.125-(—3)] = 1.366
For Old Age Category

p(PRUMed Cover)= 1—74 =0.5;
p(PRUPrime Healthcare)= i =0.5;
p(PRUCcritical Benefit 88)= 1% =0
H=-[0.5-1022(0.5)+0.5-10g2(0.5)+0-10g2(0)] = —[0.5-(-1)+0.5-(-1)] =1
After getting the age attribute information, continue by calculating the value of the Claim History attribute

information. From the data presented, the value of the Claim History attribute information is known as in table 5.
as follows:

Table 5. Information Value of Claim History Attribute

Claim History Type of Insurance Product Total

Good PRUMed Cover 5
Good PRUPrime Healthcare 6
Good PRUCritical Benefit 88 3
Not Good PRUMed Cover 1
Not Good PRUPrime Healthcare 8
Not Good PRUCritical Benefit 88 7

For Claim History Category
p(PRUMed Cover)= % =0.357;

p(PRUPrime Healthcare)= = =0.429;

p(PRUCritical Benefit 88)= = =0.214

H=-(0.357 log2 (0.357) + 0.42910g2 (0.429) + 0.214 log2 (0.214)) = 1.531
For Low Income Category

p(PRUMed Cover)= - =0.063;
p(PRUPrime Healthcare)= 18—6 =0.5;

p(PRUCritical Benefit 88)= 1—76 =0.437

H=—(0.063 log2 (0.063) + 0.500 log2 (0.500) + 0.437 log2 (0.437)) = 1.272

After getting the claim history attribute information, continue by calculating the value of the Riches
attribute information. From the data presented, the value of the Riches attribute information is known as in table
6. as follows:

Table 6. Information Value of Riches Attribute

Riches  Type of Insurance Product Total

Rich PRUMed Cover 2
Rich PRUPrime Healthcare 3
Rich PRUCritical Benefit 88 3
Not Rich PRUMed Cover 8
Not Rich PRUPrime Healthcare 10
Not Rich PRUCritical Benefit 88 4

For Riches (Rich) Category
p(PRUMed Cover)= = =0.25;
p(PRUPrime Healthcare)= Z =0.375;
p(PRUCritical Benefit 88)= > =0.375

Entropy = — (0.25 log2 (0.25) + 0.375 log2 (0.375) + 0.375 log2 (0.375)) = 1.561
For Low Property Category

p(PRUMed Cover)= % =0.364;
p(PRUPrime Healthcare)= ;2 =0.455;

p(PRUCritical Benefit 88)= % =0.182
Entropy = — (0.364 log2 (0.364) + 0.455 log2 (0.455) + 0.182 log2 (0.182)) = 1.495
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After getting the Riches attribute information, continue by calculating the value of the income attribute
information. From the data presented, the value of the Income attribute information is known as in table 7. as
follows:

Table 7. Information Value of Income Attribute

Income Type of Insurance Product Total

High PRUMed Cover 6
High PRUPrime Healthcare 5
High PRUCTritical Benefit 88 0
Low PRUMed Cover 11
Low PRUPrime Healthcare 5
Low PRUCritical Benefit 88 3

For High Income Category
p(PRUMed Cover)= 1—61 =0.545;

p(PRUPrime Healthcare)= % =(0.455;

p(PRUCritical Benefit 88)= - =0

Entropy = — (0.545 log2 (0.545) + 0.455 log2 (0.455)+0) = 0.994
For Low Income Category

p(PRUMed Cover)= % =0.579;
p(PRUPrime Healthcare)= % =0.263;

p(PRUCritical Benefit 88)= - =0.158
Entropy = — (0.579 log2 (0.579) + 0.263 log2 (0.263) + 0.158 log2 (0.158)) = 1.384

3.4 Calculating Entropy and Information Gain Values of Attributes

The process of calculating entropy and information gain is essential in decision tree algorithms, particularly in
determining which attribute best splits the dataset to improve prediction accuracy. These calculations with formula
no. 3 helps evaluate the uncertainty (entropy) within a dataset and the effectiveness of an attribute in reducing that
uncertainty (information gain).

a. Calculating the Information Gain Value of Insurance Premium Attributes

Gain(Total, Insurance Premium ) =1.435- ((3“—0 x1) + (g x1.287) + (g x0.98))

=1.435—-(0.133) + (0.601) + (0.392) = 1.435-1.126 = 0.309
b. Calculating the Information Gain Value of Age Attribute.

Gain(Total, Age) =1.435- ((g x1 .366)+(£ x0.1))
=1.435-(0.729) + (0.467) = 0.239
c. Calculating the Information Gain Value of Claim History Attributes
Gain(Total, Claim History ) =1.435- ((g x1.531) + (g x1.272)
=1.435-(0.715) + (0.679) =1.435-1.394 =0.041
d. Calculating the Information Gain Value of Riches Attribute.
Gain(Total, Riches) =1.435 - ((38—0 x1 .561)+(§ x1.495))
=1.435-(0.416) + (1.097) = -0.078
e. Calculating the Information Gain Value of Income Attribute
Gain(Total, Income) =1.435- ((% ><O.76)+(£ %x0.99)) =0.194
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Figure 1. Decision Tree Results
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Based on the results, we can observe the entropy values and information gain for each attribute. The
attribute with the highest information gain is selected as the most informative attribute, which serves as the root
node in the decision tree, as shown in Figure 1. Using this attribute, the data set is divided, and the process is
repeated recursively to build a complete decision tree, which is shown below:

By observing the decision tree in Figure 1. it is known that the decision tree has been formed. And after the
final tree is obtained, it is then changed into a rule. The following is the form of the tree that is changed into a rule:
R1: if Premium = IDR. 500,000 then Insurance Product Type = PRUMed Cover (PMC)

R2: if Premium = IDR. 750,000
If Age = Young:
If Income = Low:
If Claim History = Good: PRUPrime Healthcare (PHC)
If Claim History = Not Good: PRUMed Cover (PMC)
If Income = High:
If Claim History = Good: PRUPrime Healthcare (PHC)
If Claim History = Not Good: PRUMed Cover (PMC)
If Age = Old:
If Income = Low:
If Claim History = Good: PRUPrime Healthcare (PHC)
If Claim History = Not Good: PRUMed Cover (PMC)
If Income = High:
If Claim History = Good: PRUPrime Healthcare (PHC)
If Claim History = Not Good: PRUCritical Benefit 88 (PCBS88)
R3: if Premium = IDR. 1,000,000 then Insurance Product Type = PRUCcritical Benefit 88 (PCB)

Insurance Premium is the root decision, followed by Age, then Income, and finally Claim History to refine
the decision. Depending on the combination of these attributes, the final insurance product decision is either
PRUMed Cover (PMC), PRUPrime Healthcare (PHC), or PRUCritical Benefit 88 (PCB&S).

4. CONCLUSION

The application of the C4.5 Decision Tree algorithm effectively classifies insurance clients based on premium,
age, income, and claims history, generating decision rules for product recommendations. This method enhances
customer segmentation, streamlines product selection, and improves marketing strategies by offering personalized
solutions. The transparent decision tree structure also ensures regulatory compliance and interpretability. For
instance, a client with a premium of IDR 500,000 is recommended PRUMed Cover (PMC), while a client with a
premium of IDR 1,000,000 should consider PRUCritical Benefit 88 (PCB88). For premiums around IDR 750,000,
age and income also play a role in determining the most appropriate recommendation. This approach streamlines
the product selection process, ensures alignment with the client’s financial status, and enhances marketing
strategies by providing personalized solutions. Moreover, the clear and interpretable decision tree structure
promotes transparency and ensures regulatory compliance. In practice, insurance companies can leverage this
method to improve customer segmentation, refine product offerings, and increase overall satisfaction. Future work
should explore alternative classification models, such as Random Forest and Support Vector Machines (SVM), to
compare accuracy and robustness. Incorporating behavioral data, regional trends, and a larger dataset will enhance
the model’s scalability and generalizability, ensuring better adaptability to diverse market conditions. Expanding
the study to hybrid models or ensemble learning techniques could further optimize predictive performance and
decision-making in insurance risk classification.
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