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Abstract: Breast cancer is one of the most life-threatening diseases in the world,
particularly among women. This study applies the C4.5 algorithm to classify breast
cancer using the Breast Cancer Wisconsin (Diagnostic) Dataset from the UCI Machine
Learning Repository, consisting of 569 samples with 30 numerical features. The methods
employed include data preprocessing (removal of the ID column), application of the
Decision Tree algorithm with entropy criterion representing the Information Gain Ratio
in a Python- and Streamlit-based implementation, and model evaluation using an 80:20
data split. Experimental results show that the C4.5 model achieves an accuracy of 95.6%,
with an average Precision of 95.7%, average Recall of 95.6%, and average F1-Score of
95.6%. The perimeter_worst attribute was identified as the root node of the decision tree
with a threshold value of 114.45, confirming the dominant role of tumor cell geometry
size as a predictor of malignancy. This study concludes that the C4.5 algorithm is an
effective and interpretable approach for breast cancer classification and has the potential
to serve as the basis for a clinical decision support system in oncology.

Keywords: breast cancer; C4.5; decision tree; classification; machine learning; Python;
Streamlit; Breast Cancer Wisconsin

1. Introduction

Breast cancer is one of the most common cancers affecting women worldwide and is
the leading cause of cancer-related deaths among women. According to data from the
World Health Organization (WHO), in 2020 more than 2.3 million new breast cancer cases
were diagnosed globally, making it the highest-incidence cancer, surpassing lung cancer
[1]. In Indonesia, breast cancer ranks first among the most common cancers, with an
incidence rate of 65,858 cases, accounting for approximately 30.8% of all cancer cases in
2020 [2]. This high incidence rate drives an urgent need for faster, more accurate, and more
efficient detection and diagnosis systems.

Conventional breast cancer diagnosis is generally performed through clinical
examination, mammography, and tissue biopsy. Although these methods have
reasonably high accuracy, the manual diagnosis process relies heavily on medical
expertise and requires a relatively long time. Errors in medical data interpretation can
have fatal consequences, whether in the form of false-positive diagnoses that lead to
unnecessary treatment, or false-negative diagnoses that result in delayed treatment [3].
Therefore, breast cancer has become a primary focus of modern oncology research due to
the complexity of its cellular patterns, which require sophisticated computational
approaches [4].
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Rapid advancements in machine learning and data mining have opened new
opportunities in healthcare, particularly for early disease detection and classification.
Techniques such as decision trees, support vector machines (SVM), naive Bayes, and
artificial neural networks have been successfully applied in various medical research
settings with promising results [5]. These data-driven approaches are capable of
processing large numbers of patient clinical attributes simultaneously and generating
prediction models that can serve as decision support tools for medical professionals [6].

One classification algorithm that has been widely used in medical research is the C4.5
algorithm, which is an advancement of the ID3 (Iterative Dichotomiser 3) algorithm

proposed by Ross Quinlan. The C4.5 algorithm works by building a decision tree based
on the gain ratio of each available attribute in the dataset [7]. Compared to other decision
tree algorithms, C4.5 has several advantages, including the ability to handle attributes
with missing values, handle both continuous and discrete attributes, and produce simpler
and more interpretable decision trees [8]. This makes C4.5 a relevant choice in the context
of medical diagnosis, where model readability and interpretability are highly prioritized.
This study uses the Breast Cancer Wisconsin (Diagnostic) Dataset sourced from the
UCI Machine Learning Repository. The dataset contains 569 samples with 30 numerical
features extracted from digitized images of Fine Needle Aspiration (FNA) of breast
masses [9]. Each sample is classified into one of two classes: Malignant and Benign. Based
on previous research, this dataset is one of the most representative benchmarks for
evaluating breast cancer classification algorithms [10].

A number of previous studies have applied various machine learning algorithms to
this dataset. Research by Bharat et al. (2019) compared the performance of several
classification algorithms and reported that the decision tree algorithm produced
competitive accuracy on this dataset [11]. Meanwhile, a deep learning-based study by
Akselrod-Ballin et al. (2019) demonstrated the great potential of artificial intelligence in
automated breast cancer detection [12]. Nevertheless, decision tree-based algorithms such
as C4.5 remain a popular choice due to their ease of interpretation and low computational
resource requirements.

Based on the above background, this study aims to apply the C4.5 algorithm to
classify breast tumor types using the Breast Cancer Wisconsin Dataset. This study is
expected to produce an accurate, efficient, and interpretable classification model, and to
contribute to the development of clinical decision support systems in oncology.

2. Materials and Methods

2.1 Dataset

This study uses the Breast Cancer Wisconsin (Diagnostic) Dataset obtained from the
UCI Machine Learning Repository [13]. This dataset was first collected by Dr. William H.
Wolberg at the University of Wisconsin Hospitals through Fine Needle Aspiration (FNA)
procedures and has been widely used as a benchmark dataset in breast cancer
classification research [14]. The dataset consists of 569 instances with 32 attributes: one ID
column, one class label column (diagnosis), and 30 numerical features representing the
geometric and morphological characteristics of tumor cell nuclei.

The features in the dataset are derived from ten basic cell nucleus characteristics:
radius, texture, perimeter, area, smoothness, compactness, concavity, concave points,
symmetry, and fractal dimension. For each of these characteristics, three statistical values
are computed: the mean value, the standard error (se), and the worst value, resulting in a
total of 30 features [15]. The class distribution in the dataset consists of 212 Malignant
samples (37.3%) and 357 Benign samples (62.7%). No missing values were found in this
dataset.
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Table 1. Summary of Breast Cancer Wisconsin Dataset Attributes
Attribute Data Type Description
id Numeric Sample identification
number (not used in
classification)
diagnosis Categorical Class label M = Malignant, B =
Benign
*_mean (10 fitur) Numeric Mean value of 10 cell nucleus
characteristics
*_se (10 fitur) Numeric Standard error value of 10 cell
nucleus characteristics
*_worst (10 fitur) Numeric Worst/largest value of 10 cell
nucleus characteristics
Total 32 attributes 569 samples: 212 Malignant
(37.3%), 357 Benign (62.7%)

2.2 Data Preprocessing

Before the dataset was fed into the classification model, several data preprocessing
steps were performed using Python with the Pandas and Scikit-learn libraries. First, the
id column was removed from the dataset as it has no predictive value. Second, the
diagnosis attribute was set as the target column (class label). Third, missing values were
checked and all 569 samples were confirmed to have complete data. Fourth, the dataset
was split into training data (80%) and test data (20%) using the train_test_split function
with class stratification to ensure a balanced class proportion between the training and
test data [17].

2.3 C4.5 Algorithm

The C4.5 algorithm is a decision tree construction method developed by J. Ross
Quinlan as an improvement of the ID3 algorithm. This algorithm selects the best attribute
as the splitting node based on the Gain Ratio value, which is a normalization of
Information Gain to avoid bias toward attributes with many unique values [18]. The
decision tree construction process follows the mathematical formulas below. Information
Gain is calculated using the equation:

Gain(S, A) = Entropy(S) - X (1Svl / |S1) x Entropy(Sv)

where S is the training data set, A is the attribute being evaluated, and Sv is the subset

of S for value v of attribute A. The entropy value is calculated by:
Entropy(S) ==X pi x loga(pi)

Meanwhile, the Gain Ratio is calculated as Gain(S, A) divided by SplitInfo(S, A). The
attribute with the highest Gain Ratio value is selected as the splitting node. This process
is repeated recursively until all samples at a node are classified into the same class [19].
The main advantage of C4.5 over ID3 is its ability to handle continuous attributes,
attributes with missing values, and perform pruning to reduce overfitting [20].
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2.4 Implementation in Python/Streamlit

The C4.5 algorithm was implemented using the Python programming language with
the Scikit-learn library and a web-based interface using the Streamlit framework. The
designed workflow consists of: (1) Importing CSV data using the Pandas library; (2)
Setting the diagnosis column as the target label using LabelEncoder; (3) Splitting the data
with train_test_split 80:20 with class stratification; (4) Building the model using
DecisionTreeClassifier with entropy criterion representing Information Gain in C4.5; (5)
Visualizing the decision tree using the plot_tree function; and (6) Evaluating the model
using accuracy, precision, recall, and F1-Score metrics through the classification_report
function from Scikit-learn.

2.5 Evaluation Metrics

Model performance was evaluated using a confusion matrix that divides prediction
results into four categories: True Positive (TP), True Negative (TN), False Positive (FP),
and False Negative (FN). The metrics calculated include Accuracy =
(TP+TN)/(TP+IN+FP+FN), Precision = TP/(TP+FP), Recall = TP/(TP+FN), and F1-Score =
2x(PrecisionxRecall)/(Precision+Recall). In the medical context, the Recall metric for the
Malignant class is of primary concern, as a high False Negative value can be fatal due to
delayed treatment [17].

Table 2. Evaluation Metric Formulas for Classification Model

Metric Formula Meaning
Accuracy (TP+TN)/(TP+TN+FP+FN) Overall proportion of correct
predictions
Precision TP/(TP+FP) Proportion of correct positive
predictions
Recall TP/(TP+EN) Proportion of positive cases
correctly detected
F1-Score 2x(PxR)/(P+R) Harmonic mean of Precision &
Recall

3. Results and Discussions

3.1 C4.5 Decision Tree

The breast cancer classification process using the C4.5 algorithm on the Breast Cancer
Wisconsin dataset produced a decision tree as displayed in Figure 1. The decision tree was
constructed based on the highest Gain Ratio value from all available attributes, so that the
attribute with the best splitting capability was placed as the root node [18].

Based on the Python implementation results using Scikit-learn, the perimeter_worst
was selected as the root node with a threshold value of 114,45. If the perimeter_worst
value < 114.45, the splitting process continues using the concave_points_worst attribute
(threshold 0.111). If the perimeter_worst value > 114.45, splitting continues using the ibut
concave_points_mean (threshold 0,05). Attribute-atribut lain yang turut berperan antara
lain area_se, texture_worst, compactness_se, and concavity_mean. This is consistent with
the Feature Importance displayed in Figure 2, where perimeter_worst has the highest
importance value of 0.63, far surpassing other attributes.
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Doncini e 4.4 — Wincrmin Breast Carcer Datant

Figure 1. C4.5 Decision Tree on the Breast Cancer Wisconsin Dataset (Python/Streamlit)

3.2 Confusion Matrix and Metric Evaluasi

To evaluate model performance, a confusion matrix was used to compare the model's
predicted results with the actual class labels. The evaluation results from Python and
Streamlit are displayed in Figure 2 below.
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Figure 2. Confusion Matrix and Classification Report — Accuracy 95.61%
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Figure 3. Feature Importance — perimeter_worst (0.63)
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Table 3. Confusion Matrix of C4.5 Classification Results

True B (Actual Benign) True M (Actual Class Precision
Malignant)
Pred. B (Predicted 71 (IN) 4 (FN) 94,7%
Benign)
Pred. M (Predicted 1 (FP) 38 (TP) 97,4%
Malignant)
Class Recall 98,6% 90,5% Accuracy: 95,6%

Table 4. Summary of C4.5 Model Evaluation Metrics

Metric Class M (Malignant) Class B (Benign) Average (Macro Avg)
Precision 97,4% 94,7% 95,7%
Recall (Sensitivity) 90,5% 98,6% 95,6%
F1-Score 93,8% 97,0% 95,6%
Overall Accuracy — — 95,6%

The experimental results show that the C4.5 algorithm is capable of classifying breast
cancer with an accuracy of 95.6% using the Breast Cancer Wisconsin Dataset. This figure
reflects excellent performance and validates the effectiveness of the C4.5 decision tree
algorithm in binary medical classification problems such as breast cancer detection [19].

Based on the resulting confusion matrix, the model successfully classified 38
Malignant samples correctly (True Positive) and 71 Benign samples correctly (True
Negative). On the other hand, there was 1 False Positive (FP) case and 4 False Negative
(FN) cases. In the medical context, False Negative errors have more serious consequences,
as they may cause patients with malignant cancer to not receive appropriate treatment.
Therefore, the Recall value for the Malignant class of 90.5% is an important indicator that
must be optimized [20].

The Precision value for the Malignant class of 97.4% means that of all samples predicted as
malignant, 97.4% were indeed truly malignant. For the Benign class, the model showed high
performance with Precision of 94.7%, Recall of 98.6%, and F1-Score of 97%. This indicates that
the model is highly accurate in identifying tumors, both benign and malignant, confirming the
reliability of the C4.5 algorithm in breast cancer classification [16].

Attribute perimeter_worst attribute as the root node confirms findings from various
previous studies stating that cell geometry size, particularly perimeter and area, is the
strongest predictor of breast tumor malignancy [9]. Furthermore, the appearance of the
concave_points_worst and concave_points_mean attributes as important nodes in the decision
tree aligns with medical literature stating that the degree of concavity of tumor cell
contours is closely correlated with malignancy [15].

Compared to the study by Bharat et al. (2019) which reported a decision tree accuracy
of 93.4% on the same dataset, the results of this study with an accuracy of 95.6%
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demonstrate a significant improvement [11]. This improvement may be attributable to the
use of a Python-based implementation with an 80:20 data split, which produced a more
optimal model. Overall, these results validate that the C4.5 algorithm is a reliable
approach for breast cancer classification, with the additional advantage of high model
interpretability through a decision tree structure that can be understood by non-technical
medical personnel [19].

4. Conclusion

This study successfully applied the C4.5 algorithm to classify breast cancer using the
Breast Cancer Wisconsin Dataset through a Python-based implementation. Evaluation
results show that the built model achieved an accuracy of 95,6%, with a Precision value
for the Malignant class of 97.4%, Recall of 90.5%, and F1-Score of 93.8%. The resulting
decision tree identified perimeter_worst as the most discriminative attribute, followed by
concave_points_worst, concave_points_mean, and area_se as other key features [18].

The results of this study prove that the C4.5 algorithm is effective and suitable as the
basis of a clinical decision support system for breast cancer diagnosis. For future research,
it is recommended to explore performance enhancement techniques such as decision tree
pruning, application of ensemble methods (Random Forest, Boosting), or combination
with SMOTE oversampling techniques [16] to address class imbalance, thereby further
improving the Recall value for the Malignant class, which has higher clinical
consequences [17].
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