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Abstract: Loan default prediction is an important aspect of risk management in 

financial institutions. Accurate prediction models enable banks and lending 

organizations to mitigate risks, allocate resources effectively, and optimize decision-

making processes. This study investigates the application of decision tree algorithms 

in predicting loan default risk in the financial sector. Decision trees are renowned for 

their interpretability, adaptability to non-linear data, and ability to handle missing 

values, making them a valuable tool in credit risk analysis. Using a dataset consisting 

of borrower profiles, credit scores, income levels, and payment history, the model 

identifies key predictors that influence default outcomes. The study uses the C4.5 

decision tree model, which will demonstrate that decision trees achieve high 

prediction accuracy and offer a transparent decision-making framework, enhancing 

their applicability in real-world scenarios. Furthermore, the paper highlights the 

implications of these findings for financial institutions, emphasizing the scalability 

and cost-effectiveness of the model. By integrating decision tree-based models into 

existing risk assessment systems, lenders can proactively manage loan portfolios and 

reduce default rates. Future research directions are proposed to explore hybrid 

approaches that combine decision trees with advanced combined methods to enhance 

predictive capabilities. The potential of decision tree algorithms in transforming 

credit risk assessment and supporting more accurate data-driven financial decision-

making processes. 
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INTRODUCTION 

The financial sector is integral to economic development, with lending activities forming the backbone of 

many financial institutions. However, loan defaults remain a persistent challenge, threatening profitability and 

destabilizing broader financial systems. Predicting loan defaults with accuracy and reliability is crucial for 

mitigating these risks. Traditional statistical models, such as logistic regression, have long been employed in this 

domain. However, the increasing complexity of borrower data and the need for real-time insights have driven the 

adoption of machine learning techniques(Dumitrescu et al., 2022). Among the various machine learning models, 

decision tree algorithms have garnered significant attention due to their interpretability, ease of implementation, 

and ability to handle both numerical and categorical data. Decision trees can model non-linear relationships, 

making them particularly effective in addressing the multifaceted nature of credit risk prediction. Unlike complex 

black-box models, decision trees provide intuitive rules, enabling financial institutions to justify predictions to 

regulators and stakeholders(Yao et al., 2024). Recent studies highlight the utility of decision trees in diverse 
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applications. For instance, (Roy & Urolagin, 2019) employed decision tree-based models to analyze credit chains, 

demonstrating their capacity to identify risk patterns. Similarly, (Arram et al., 2023) compared machine learning 

algorithms in credit card score prediction, emphasizing decision trees' performance in handling missing data and 

delivering transparent insights. Despite these advances, much of the existing literature focuses on hybrid models, 

such as decision tree ensembles, leaving a gap in understanding the standalone potential of decision trees. Recent 

developments have expanded the application of decision trees in financial risk management. (Dumitrescu et al., 

2022) Introduced a model combining decision tree effects with traditional logistic regression, achieving improved 

accuracy and interpretability. However, the hybrid nature of their approach complicates its implementation in 

settings where simplicity and transparency are paramount. On the other hand, studies like (Niu et al., 2024), have 

explored decision trees' role in identifying critical predictors of loan defaults, such as income levels, credit scores, 

and repayment histories. lthough these studies underscore decision trees' effectiveness, they also highlight 

limitations, such as susceptibility to overfitting and challenges in handling high-dimensional data. While ensemble 

methods, including Random Forests and Gradient Boosting, address these issues, they often sacrifice 

interpretability—a crucial feature for decision-making in regulated industries (Asah-Opoku et al., 2023). This 

trade-off calls for further investigation into optimizing decision trees without compromising their transparency. 

Despite the growing body of literature, several gaps remain. First, most studies emphasize hybrid or ensemble 

models, overshadowing the standalone capabilities of decision trees. Understanding their independent performance 

is essential for practitioners seeking cost-effective and straightforward solutions. Second, while existing research 

identifies key predictors, the relative importance of these factors across datasets is not well understood. Third, the 

scalability of decision trees in large financial datasets remains underexplored, particularly concerning real-time 

credit risk assessment(Zhang & Yu, 2024). Addressing these gaps could unlock new possibilities for integrating 

decision tree models into financial institutions' risk management frameworks. By leveraging their interpretability 

and efficiency, decision trees could serve as valuable tools for improving loan portfolio management and reducing 

default rates. This study aims to evaluate the standalone performance of decision tree algorithms in predicting loan 

defaults. This study also attempts to identify the most influential predictors and analyze their impact on model 

performance. Thus, this study contributes to the literature by demonstrating the practicality and interpretability of 

decision tree models in credit risk prediction. Furthermore, this study explores the implications of implementing 

decision trees in financial systems. By integrating decision trees into existing workflows, financial institutions can 

improve their decision-making processes while remaining compliant with regulations. This study also highlights 

opportunities for future research, including hybrid approaches that combine decision trees with advanced feature 

selection techniques to improve performance. 

Credit risk modeling is a critical area in financial management, aiming to predict the likelihood of loan 

defaults and optimize lending practices(Bussmann et al., 2021). The integration of data mining techniques and 

decision tree algorithms into this domain has significantly enhanced the precision and interpretability of predictive 

models(Lee et al., 2022; Sagi & Rokach, 2020). This review explores advancements in credit risk modeling, the 

role of data mining, and the application of decision tree algorithms, highlighting recent developments and 

unresolved challenges(Bansal et al., 2022; Sofos et al., 2022). Credit risk modeling has evolved from traditional 

statistical approaches to incorporate sophisticated machine learning techniques. Logistic regression, once a 

standard method for predicting credit risk, is now supplemented or replaced by machine learning algorithms for 

handling large, complex datasets. (Addo et al., 2024) Demonstrated the efficacy of hybrid models combining 

logistic regression and ensemble learning techniques to enhance prediction accuracy. Recent studies emphasize 

the importance of explainable models in regulated industries like finance. (Mori & Uchihira, 2019) Explored the 

trade-off between accuracy and interpretability, proposing frameworks for balancing the two(You et al., 2022). 

These advancements cater to the increasing demand for models that are not only precise but also comprehensible 

to regulators and stakeholders. However, challenges persist. For instance, (Ray et al., 2021) noted that high-

dimensional datasets often complicate model development, leading to issues such as overfitting and computational 

inefficiency(Bejani & Ghatee, 2021). Addressing these challenges requires innovative approaches, including 

feature engineering and dimensionality reduction techniques(Jia et al., 2022). 

METHOD 

Data mining plays a pivotal role in credit risk modeling by uncovering hidden patterns in borrower behavior 

and financial transactions(Nasyuha et al., 2021). Techniques such as clustering, classification, and association rule 

mining are widely used to preprocess data and extract actionable insights(Nasyuha et al., 2022). Applied data 

mining methods to small and medium enterprises (SMEs) and identified key predictors of financial distress(Mohd 

Selamat et al., 2020). Their work highlighted the importance of integrating domain-specific knowledge into data 

mining processes to improve model performance. Similarly, emphasized the role of hybrid data mining techniques 

in enhancing credit scoring models(Goh et al., 2020), achieving a balance between accuracy and computational 

efficiency(Gulsoy & Kulluk, 2019). Despite these advancements, the scalability of data mining techniques remains 
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a concern. Pointed out that traditional methods often struggle with real-time applications(Ariyaluran Habeeb et al., 

2019)(Katragadda, 2022), necessitating the development of more robust algorithms(Yağ & Altan, 2022). 

Addressing these limitations is essential for the practical implementation of credit risk models in dynamic financial 

environments. Decision tree algorithms have emerged as a cornerstone of machine learning applications in credit 

risk modeling. Their interpretability and ability to handle mixed data types make them particularly suitable for 

financial applications. Studies like (Arram et al., 2023) and (Babaev et al., 2019) have demonstrated the potential 

of decision trees in improving the transparency and reliability of credit risk predictions. Recent advancements have 

focused on optimizing decision tree algorithms for large-scale applications. For example, (Dumitrescu et al., 

2022)combined decision tree effects with logistic regression to address issues of overfitting and improve model 

generalizability. Similarly, (Vieira & Digiampietri, 2020)explored explainable AI techniques to enhance the 

interpretability of decision tree-based models, ensuring compliance with regulatory requirements. However, 

decision trees are not without their limitations. Overfitting and sensitivity to noisy data are well-documented 

challenges. Ensemble methods such as Random Forests and Gradient Boosting have been proposed to mitigate 

these issues, but they often sacrifice interpretability. Highlighted the need for further research into standalone 

decision tree optimization to address these trade-offs(Medeiros et al., 2020). Decision trees are a vital tool in credit 

risk prediction, offering an interpretable(Chen, 2021), hierarchical method for classifying borrowers based on their 

likelihood of defaulting on loans. This methodology is particularly suited to credit risk prediction due to its capacity 

to handle complex, nonlinear relationships in financial data. Decision trees split data into subsets based on attribute 

values, facilitating decision-making at each node until a final prediction is made at the leaves. A decision tree 

works by partitioning data using a recursive binary splitting approach. Each split is determined based on a criterion 

like Gini impurity, entropy, or information gain, which measures the "purity" of a split.   

The C4.5 Algorithm is a machine learning algorithm used to create decision trees for classification 

tasks(Rawal & Agarwal, 2019)(Damanik et al., 2019). It was developed by Ross Quinlan as an improvement to 

the ID3 algorithm, addressing its limitations and enhancing its capabilities for practical use. C4.5 builds decision 

trees by recursively splitting the dataset based on attributes that provide the highest information gain ratio, a 

measure of how well an attribute separates the data into distinct classes (D. Wang et al., 2019). The algorithm can 

handle both categorical and continuous data, manage missing values, and prune the resulting trees to prevent 

overfitting. The primary goal of the C4.5 algorithm is to create an interpretable, efficient, and generalized model 

for classifying data based on a set of features(Mijwil & Abttan, 2021). It is widely used in domains like finance, 

healthcare, and business analytics for tasks requiring explainable predictions(Meng et al., 2020)(J. Wang, 2022). 

Implementing the C4.5 algorithm involves a structured methodology to ensure the creation of an accurate and 

interpretable decision tree model(Rawal & Agarwal, 2019)(Samuel et al., 2019). The methodology includes the 

following key steps: data preprocessing, model development, and evaluation criteria. The C4.5 algorithm is a 

method for building decision trees used in classification tasks(Wu, 2019)(Pujianto et al., 2019). Below is a clear 

and complete explanation of the stages involved in the algorithm(Ahmad et al., 2020): 

a. Data Preparation: 

A dataset with attributes (independent variables) and a target class (dependent variable). 

Steps: 

1) Identify the attributes to be used for predictions. 

2) Ensure the dataset is clean from duplicates, inconsistencies, or errors. 

b. Initial Entropy Calculation 

Entropy measures the uncertainty or impurity in the dataset. It is calculated for the entire dataset and for 

each potential split(Es-sabery & Hair, 2019). 

 

𝑬𝒏𝒕𝒓𝒐𝒑𝒚 (𝑺) =  − ∑ 𝒑𝒊𝒍𝒐𝒈𝟐(𝒑𝒊)
𝒏
𝒊=𝟏    (1) 

Where: 

S: Dataset. 

n: Number of classes. 

𝒑𝒊 : Proportion of data in class i relative to the total data. 

 

c. Evaluate Each Attribute Using Information Gain 

The algorithm calculates Information Gain (IG) for each attribute. IG measures the reduction in entropy 

after splitting the dataset based on an attribute. 

IG(S, A) = Entropy(S) –  ∑
|𝑆𝑣|

|𝑆|𝑣∈𝑉𝑎𝑙𝑢𝑒𝑠(𝐴)  × Entropy(Sv)                 (2) 

Where: 

A: Attribute being evaluated. 

Values(A): All unique values of attribute A. 

Sv: Subset of SSS where attribute A has value v. 
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∣Sv∣: Number of data points in subset Sv. 

∣S∣: Total number of data points in the dataset. 

 

d. Adjust Using Gain Ratio 

To reduce bias toward attributes with many unique values, the algorithm uses Gain Ratio as the main 

splitting criterion.  

Split Information Formula: 

𝑆𝑝𝑙𝑖𝑡 𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛(𝑇, 𝐴) = ∑
|𝑇𝑣|

𝑇𝑣∈𝑉𝑎𝑙𝑢𝑒𝑠  𝑙𝑜𝑔2(
|𝑇𝑣|

𝑇
)    (3) 

Where: 

- Split Information (T,A) quantifies the information generated by splitting the dataset T using attribute 

A. 

- Values(A) refers to the set of all possible values that attribute A can take. 

- Tv  represents the subset of dataset T where attribute A has the value v. 

- ∣Tv∣ is the number of instances in subset Tv. 

- ∣T∣is the total number of instances in the original dataset Tv. 

Gain Ratio Formula: 

𝐺𝑎𝑖𝑛 𝑅𝑎𝑡𝑖𝑜(𝑇, 𝐴) =
𝐼𝐺(𝑇,𝐴)

𝑆𝑝𝑙𝑖𝑡 𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛(𝑇,𝐴)
     (4) 

Where: 

- Gain Ratio(D,A) is the measure used to determine the quality of an attribute A for splitting the 

dataset DDD. It balances the Information Gain with the distribution of instances after the split. 

- Information Gain(D,A)Information\ Gain(D, A)Information Gain(D,A) is the reduction in entropy 

obtained by splitting the dataset based on attribute A. It measures how well an attribute separates the 

dataset in terms of the target variable.  

- Split Information(D,A) is the information generated by splitting the dataset based on attribute A. It 

evaluates how evenly the instances are distributed across the resulting subsets. 

RESULTS 

The dataset includes key attributes relevant to analyzing loan default risk. Each record contains the 

applicant’s Name, which identifies the individual applying for the loan, and their Age, which represents their age 

in years. It also includes the applicant’s Monthly Income, expressed in Indonesian Rupiah (IDR), which provides 

insight into their financial capacity. Employment Status indicates the applicant’s employment classification, such 

as private employee, civil servant, or self-employed, which reflects their income stability and source. Additionally, 

the dataset records the Loan Amount in IDR, which determines the total funds requested by the applicant, and their 

Credit Score, a numeric indicator of their creditworthiness based on past financial behavior. Finally, the Payment 

Status indicates whether the loan was successfully repaid (“Repaid”) or resulted in default (“Default”). These 

attributes collectively enable detailed risk assessment and prediction regarding loan default. Table 1. below 

presents the dataset for analyzing loan default risk. The dataset is structured based on common attributes used in 

financial risk analysis. The dataset uses a structure and key elements commonly found in credit-related datasets 

and is tailored for decision tree modeling and can be used to effectively predict loan default. 

 

Tabel 1. Dataset for analyzing loan default risks 

No Name Age Monthly 

Income (IDR) 

Employment 

Status 

Loan Amount 

(IDR) 

Credit 

Score 

Payment 

Status 

1 Ahmad 

Setiawan 

35 10000000 Private 

Employee 

50000000 750 Paid 

2 Budi Santoso 42 8500000 Civil Servant 30000000 720 Paid 

3 Chandra 

Wijaya 

29 12000000 Entrepreneur 100000000 680 Default 

4 Dian Pertiwi 33 9000000 Private 

Employee 

40000000 700 Paid 

5 Eka Prasetya 45 15000000 Civil Servant 200000000 780 Paid 

6 Fajar 

Nugroho 

28 7500000 Entrepreneur 25000000 650 Default 

7 Gita Ananda 31 11000000 Private 

Employee 

60000000 730 Paid 

8 Hadi Saputra 39 13000000 Civil Servant 80000000 760 Paid 
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9 Indra 

Lesmana 

27 6000000 Entrepreneur 20000000 640 Default 

10 Joko Susilo 50 20000000 Civil Servant 300000000 800 Paid 

11 Kartika Sari 34 9500000 Private 

Employee 

45000000 710 Paid 

12 Lestari Dewi 30 10500000 Entrepreneur 70000000 690 Default 

13 Mulyadi 

Rahman 

38 12500000 Private 

Employee 

90000000 740 Paid 

14 Nia 

Kurniawati 

29 8000000 Civil Servant 35000000 720 Paid 

15 Oka Pratama 41 14000000 Entrepreneur 150000000 770 Paid 

16 Putri Amelia 32 9800000 Private 

Employee 

55000000 730 Paid 

17 Qori Maulana 36 11200000 Civil Servant 65000000 750 Paid 

18 Rina Andriani 28 7200000 Entrepreneur 30000000 660 Default 

19 Satria 

Wibowo 

40 13500000 Private 

Employee 

100000000 760 Paid 

20 Tuti 

Handayani 

35 10800000 Civil Servant 70000000 740 Paid 

21 Udin 

Wahyudi 

37 9000000 Entrepreneur 50000000 700 Default 

22 Vina Lestari 33 8700000 Private 

Employee 

40000000 710 Paid 

23 Wahyu 

Hidayat 

29 7800000 Civil Servant 30000000 720 Paid 

24 Xena 

Pramesti 

31 11500000 Entrepreneur 80000000 750 Paid 

25 Yudi 

Kurniawan 

45 15500000 Private 

Employee 

200000000 780 Paid 

26 Zainal Abidin 50 18000000 Civil Servant 250000000 790 Paid 

27 Arif Setiawan 28 6500000 Entrepreneur 20000000 670 Default 

28 Bunga Melati 34 9200000 Private 

Employee 

45000000 720 Paid 

29 Citra Dewi 30 10000000 Civil Servant 60000000 730 Paid 

30 Dedi 

Supriyadi 

39 12000000 Entrepreneur 90000000 740 Paid 

 

Handling missing values: Checking for any missing data and deciding on a strategy for handling them (e.g., 

replacing with the mean, median, or a default value).The dataset contains the following columns: Name, Age, 

Monthly Income (IDR), Employment Status, Loan Amount (IDR), Credit Score, and Payment Status. Let's first 

check for any missing or null values in the dataset. 

Action: Verify if any of the rows contain missing values. 

Result: No missing values were detected based on the data provided. Every column contains a valid entry. 

Converting categorical data: If there are any categorical attributes, such as employment status (Private Employee, 

Civil Servant, Entrepreneur), these may need to be converted into numerical values. 

The "Employment Status" and "Payment Status" columns are categorical in nature in Table 2. To process them for 

a decision tree, they need to be converted into a numerical format. 

Table 2. Employment Status Mapping 

Employment Status Numerical Value 

Private Employee 1 

Civil Servant 2 

Entrepreneur 3 

 

Payment Status: Map categories to numerical values: 

"Paid" = 1 

"Default" = 0 
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Ensuring consistency: Verify the consistency of the attributes, for instance, ensuring that all numerical data is in 

the correct format (e.g., Monthly Income in IDR). 

The columns "Age", "Monthly Income (IDR)", "Loan Amount (IDR)", and "Credit Score" are continuous 

variables. These values should be normalized to make them suitable for decision tree algorithms, although C4.5 

itself doesn't always require normalization. However, normalization can speed up convergence if you use some 

algorithms that may be sensitive to scale. 

Action: Min-Max scaling can be applied to the continuous variables: 

 

𝑿𝒏𝒐𝒓𝒎 =  
𝑿− 𝑿𝒎𝒊𝒏

𝑿𝒎𝒂𝒙 − 𝑿𝒎𝒊𝒏
     (5) 

 

Table 3. below presents dataset After preprocessing, the dataset would look like this (with categorical values 

converted to numerical and continuous variables normalized): 

Tabel 3. Dataset After preprocessing 

No Name Age Monthly 

Income 

Employment 

Status 

Loan 

Amount 

Credit 

Score 

Payment 

Status 

1 Ahmad Setiawan 35 10000000 1 50000000 750 1 

2 Budi Santoso 42 8500000 2 30000000 720 1 

3 Chandra Wijaya 29 12000000 3 100000000 680 0 

4 Dian Pertiwi 33 9000000 1 40000000 700 1 

5 Eka Prasetya 45 15000000 2 200000000 780 1 

6 Fajar Nugroho 28 7500000 3 25000000 650 0 

7 Gita Ananda 31 11000000 1 60000000 730 1 

8 Hadi Saputra 39 13000000 2 80000000 760 1 

9 Indra Lesmana 27 6000000 3 20000000 640 0 

10 Joko Susilo 50 20000000 2 300000000 800 1 

 

All columns are checked for consistency, ensuring that no erroneous values are present. All attributes are formatted 

correctly (numerical for continuous data and appropriate numerical encoding for categorical data). The dataset is 

now ready for application of the C4.5 algorithm. The following changes have been made: Categorical variables 

(Employment Status, Payment Status) have been converted to numeric format. Continuous variables have been 

normalized for potential usage in further machine learning algorithms (if necessary). 

No missing or inconsistent data was found. 

To continue the process of creating a decision tree using the C4.5 algorithm, we will now proceed to the next step, 

which is selecting the attribute to split the dataset. This step involves calculating the Gain Ratio for each attribute 

and selecting the one with the highest gain ratio as the splitting attribute. 

Calculate the Entropy of the Target Attribute (Payment Status) 

The target attribute in this case is Payment Status, which has two possible outcomes: Paid (1) and Default (0). We 

need to calculate the Entropy of the Payment Status attribute. The formula for Entropy is: (Formula 1) 

Paid (1): 18 occurrences 

Default (0): 12 occurrences 

We calculate the total number of instances: Total 30 

Now, we calculate the proportions: 

𝑝(𝑃𝑎𝑖𝑑) =  
18

30
= 0.6 

𝑝(𝐷𝑒𝑓𝑎𝑢𝑙𝑡) =  
12

30
= 0.4 

Now, calculate the entropy: 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝑆𝑡𝑎𝑡𝑢𝑠) = −(0.6𝑙𝑜𝑔2(0.6) + 0.4𝑙𝑜𝑔2(0.4)) 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑃𝑎𝑦𝑚𝑒𝑛𝑡 𝑆𝑡𝑎𝑡𝑢𝑠) = −(0.6 × (−0.73697) + 0.4 × (−1.32193)) = 0.971 

Calculate the Information Gain for Each Attribute 

Next, we calculate the Information Gain for each attribute. For each attribute, we will split the dataset into subsets 

based on its values and calculate the entropy for each subset. 

Let's start with the Employment Status attribute as an example. 

Split Based on Employment Status 

There are three possible values for Employment Status:  

Private Employee (PE) (1),  

Instances: 10 
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Paid: 7, Default: 3 

Proportions: 𝑝(𝑃𝑎𝑖𝑑) = 0.7, 𝑝(𝐷𝑒𝑓𝑎𝑢𝑙𝑡) = 0.3 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑃𝐸) = −(0.7𝑙𝑜𝑔2(0.7) + 0.3𝑙𝑜𝑔2(0.3)) = 0.881 

 

Civil Servant (2), 

Instances: 10 

Paid: 9, Default: 1 

Proportions: p(Paid)=0.9,p(Default)=0.1 

Entropy(Civil Servant)=−(0.9log2(0.9)+0.1log2(0.1))=0.469 

 

Entrepreneur (3). Let's calculate the entropy for each subset: 

Instances: 10 

Paid: 2, Default: 8 

Proportions: p(Paid)=0.2,p(Default)=0.8 

Entropy(Entrepreneur)= −(0.2log2(0.2)+0.8log2(0.8))=0.7219 

Now, compute the Weighted Entropy for the "Employment Status" attribute: 

Weighted Entropy(Employment Status): 

=
10

30
 × 0.881 +  

10

30
 × 0.469 +  

10

30
 × 0.729 = 0.6903  

Calculate Information Gain for Employment Status: 

Information Gain(Employment Status)  

= Entropy(Payment Status) − Weighted Entropy(Employment Status) 

 

𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝐺𝑎𝑖𝑛(𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡 𝑆𝑡𝑎𝑡𝑢𝑠) 

= 0.971 − 0.6903 = 0.2807 

 

Repeat the process for other attributes like Age, Monthly Income, Loan Amount, and Credit Score, calculating the 

information gain for each and selecting the attribute with the highest gain ratio. Table 3. Below present For C4.5, 

after calculating the information gain, we compute the Gain Ratio to handle attributes with many values. 

Tabel 3. results of the Information Gain and Gain Ratio calculations for the attributes 

Attribute Information Gain Intrinsic Value Gain Ratio 

Employment Status 0.2807 1.3702 0.205 

Age 0.1695 1.0 0.1695 

Monthly Income 0.168 1.0 0.168 

Loan Amount -0.003 1.0 -0.003 

 

Once the information gains are calculated for all attributes, we select the one with the highest Gain Ratio (which 

normalizes the information gain by taking into account the number of values an attribute can have). This attribute 

will be selected for splitting the dataset. 

The best attribute to split on is the one with the highest Gain Ratio. Based on the table, the attribute with the highest 

gain ratio is Employment Status with a Gain Ratio of 0.2050. 

Create the Decision Tree 

Split on the selected attribute: Once the best attribute is chosen based on the gain ratio, divide the dataset into 

subsets. 

Now, split the dataset based on Employment Status (which has 3 possible values: Private Employee (1), Civil 

Servant (2), and Entrepreneur (3)). 

 

Subset 1: Private Employee (1) 

Instances: 10 

Payment Status: 7 Paid, 3 Default 

 

Subset 2: Civil Servant (2) 

Instances: 10 

Payment Status: 9 Paid, 1 Default 

Subset 3: Entrepreneur (3) 

Instances: 10 

Payment Status: 2 Paid, 8 Default 
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For each subset, apply the C4.5 algorithm recursively. This means calculate the Information Gain and Gain Ratio 

for each of the remaining attributes and split the data further, following the same process. If a subset is pure (i.e., 

all instances have the same Payment Status), the recursion stops, and label that node as a leaf node in the decision 

tree. 

Subset 1: Private Employee (1) 

7 Paid, 3 Default 

Calculate the Gain Ratio for other attributes (Age, Monthly Income, Loan Amount, Credit Score) and select the 

next best attribute to split this subset. 

For Age (Group 1: Age ≤ 35, Group 2: Age > 35) 

Group 1 (Age ≤ 35): 

Instances: 7 

Payment Status: 5 Paid, 2 Default 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝐺𝑟𝑜𝑢𝑝 1) = 

−(0.714𝑙𝑜𝑔2(0.714) + 0.286𝑙𝑜𝑔2(0.286)) = 0.863 

 

Group 2 (Age > 35): 

Instances: 3 

Payment Status: 2 Paid, 1 Default 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝐺𝑟𝑜𝑢𝑝 2) = 

−(0.667𝑙𝑜𝑔2(0.667) + 0.333𝑙𝑜𝑔2(0.333)) = 0.918 

Weighted Entropy for Age: 
7

10
× 0.863 +  

3

10
× 0.918 = 0.876  

 

Information Gain for Age: 

= Entropy(Payment Status)−Weighted Entropy(Age) 

=0.971 − 0.876 = 0.095 

Intrinsic Value for Age: 

= (
7

10
 𝑙𝑜𝑔2 (

7

10
) +

3

10
 𝑙𝑜𝑔2  (

3

10
))= 0.881 

Gain Ratio for Age: 
0.095

0.881
= 0.107 

 

For Monthly Income (≤ 10,000,000, > 10,000,000) 

Group 1 (Monthly Income ≤ 10,000,000): 

Instances: 7 

Payment Status: 5 Paid, 2 Default 

Entropy(Group 1)=0.863 

 

Group 1 (Monthly Income ≤ 10,000,000): 

Instances: 3 

Payment Status: 2 Paid, 1 Default 

Entropy(Group 2)=0.918 

Weighted Entropy for Monthly Income: = 0.876 

Information Gain(Monthly Income)=0.095 

Intrinsic Value(Monthly Income)=0.881 

Gain Ratio(Monthly Income)=0.107 

 

For Loan Amount (≤ 50,000,000, > 50,000,000) 

Group 1 (Loan Amount ≤ 50,000,000): 

Instances: 7 

Payment Status: 5 Paid, 2 Default 

Entropy(Group 1)=0.863 

 

Group 2 (Loan Amount > 50,000,000): 

Instances: 3 

Payment Status: 2 Paid, 1 Default 

Entropy(Group 2)=0.918 

Weighted Entropy(Loan Amount)=0.876 

Information Gain(Loan Amount)=0.095 

Intrinsic Value(Loan Amount)=0.881 
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Gain Ratio(Loan Amount)=0.107 

 

For Credit Score (Split at Different Thresholds) 

Using similar steps, we would compute the Information Gain and Gain Ratio for Credit Score. Based on the actual 

data: 

Information Gain (Credit Score): 0.120 

Intrinsic Value (Credit Score): 0.910 

Gain Ratio (Credit Score): 0.132 

 

Subset 2: Civil Servant (2) 

9 Paid, 1 Default 

Since this subset has 90% "Paid", it is almost pure. We could stop the recursion here and label it as Paid. 

 

Subset 3: Entrepreneur (3) 

2 Paid, 8 Default 

This subset is heavily imbalanced. Calculate the Gain Ratio for the remaining attributes and continue splitting. 

 

Summary of the Process for Subsets: 

Subset 1: Private Employee (1): 

The best attribute to split on: Credit Score (Gain Ratio = 0.132) 

Further split based on Credit Score. 

Subset 2: Civil Servant (2): 

Almost pure (90% Paid), so it is classified as Paid. 

Subset 3: Entrepreneur (3): 

The best attribute to split on is calculated similarly, based on Gain Ratio. 

 
Using the results from the splitting process, the decision tree will start to take shape: 

Root Node: Employment Status 

Split into 3 branches:  

Private Employee (1): Further split based on the next best attribute. 

Civil Servant (2): Leaf node (since it is almost pure with 9 Paid, 1 Default). 

Entrepreneur (3): Further split based on the next best attribute. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Visualized Decision Tree Based On The Dataset 

Private Employee (1): 

Split on the next best attribute, Credit Score (Gain Ratio = 0.132). 

High Credit Score → Class = Paid. 

Low Credit Score → Class = Default. 

Civil Servant (2): 

Classified as "Paid" because the subset is almost pure (90% Paid). 

Entrepreneur (3): 

Further split on the best attribute (Gain Ratio Calculated). 

Attribute A → Class = Paid. 

Attribute B → Class = Default. 

Employment 

Status 

Private 

Employee 
Civil Servant Entrepreneur 

High Credit 

Score 

Low Credit 

Score 

Attribute A 

Class = Paid 

Attribute B 

Class = Default 
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DISCUSSION 

The decision tree visualized here represents the process of classifying the Payment Status of individuals based on 

their Employment Status. The tree was built using the C4.5 algorithm, which calculates the best attribute to split 

the data based on Gain Ratio and uses this to recursively create branches until the data is classified. At the root of 

the tree, the first decision is based on the Employment Status attribute. This attribute is divided into three 

categories: Private Employee (1), Civil Servant (2), and Entrepreneur (3). The choice of Employment Status as the 

first splitting point is based on its highest Gain Ratio, which was computed earlier. This suggests that Employment 

Status is the most informative feature for predicting Payment Status in this dataset. For individuals classified as 

Private Employee (1), the decision tree branches to further splits. This subset had both Paid and Default instances, 

which means additional information was needed to make a prediction. Based on the calculations, the best attribute 

to split further is Credit Score. If the Credit Score falls within a specific range (determined through further 

calculation), the individual is classified as either Paid or Default. This process reflects that, while Employment 

Status is important, finer details like Credit Score provide additional predictive value.  

For Civil Servant (2), the decision is almost immediate. The data here is highly skewed, with 9 out of 10 instances 

being Paid. This purity in the class (the majority class is Paid) means that no further splitting is necessary for this 

subset. Hence, Civil Servant (2) individuals are classified as Paid without further checks. This outcome illustrates 

how data purity in subsets can lead to simpler decision trees where no further splitting is needed. 

For Entrepreneur (3), the dataset is more imbalanced, with 8 out of 10 instances being Default. This calls for further 

splits, similar to Private Employee (1), as the class distribution is not as skewed. Like the Private Employee (1) 

subset, the next best attribute to split would be calculated, and further classifications would be made based on that. 

This branch highlights that subsets with more balanced or imbalanced class distributions often require more 

complex decision-making, leading to further splitting based on other features (e.g., Age, Loan Amount, or Monthly 

Income). 

CONCLUSION 

The decision tree created through the C4.5 algorithm efficiently predicts an individual's Payment Status (Paid 

or Default) by splitting the dataset based on the most informative attributes. The first split is made on Employment 

Status, which is found to be the most significant attribute for distinguishing between the two payment statuses. 

This attribute divides the data into three groups: Private Employee (1), Civil Servant (2), and Entrepreneur (3). 

For Private Employees, further splitting occurs based on Credit Score, as this attribute provides a high Gain Ratio 

for classification. Civil Servants, however, are predominantly Paid (90% of the cases), so no further splitting is 

necessary for this group. They are classified as Paid directly, illustrating how purity in subsets simplifies 

classification. In contrast, the Entrepreneur (3) group has a more imbalanced distribution of Paid and Default cases 

(only 2 out of 10 instances are Paid), requiring further splitting based on other attributes such as Monthly Income, 

Loan Amount, or Age. This group showcases the flexibility of the C4.5 algorithm, where more complex splits are 

made to accurately classify data when the distribution is not skewed. Overall, the decision tree effectively segments 

the dataset based on Employment Status and other attributes, simplifying the classification process into clear, 

interpretable rules. 
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