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Abstract. 

Purpose: Breast cancer remains a significant cause of mortality among women, requiring accurate diagnostic methods. 

Traditional classification models often face accuracy challenges due to missing values and irrelevant features. This 

investigation advances the classification of breast cancer through the amalgamation of the C4.5 algorithm with K-

Nearest Neighbor (KNN) imputation and Relief feature selection methodologies, thereby augmenting data integrity and 

enhancing classification efficacy. 

Methods: The Wisconsin Breast Cancer Database (WBCD) was the core reference for evaluating the proposed 

methodology. KNN imputation addressed missing values, while Relief selected the most relevant features. The C4.5 

algorithm executed training by utilizing data segregations in the corresponding proportions of 70:30, 80:20, and 90:10, 

with its efficiency gauged through a range of metrics, particularly accuracy, precision, recall, and F1-score. 

Result: This innovative methodology achieved the highest classification accuracy of 98.57%, surpassing several 

existing models. Particularly noteworthy, the strategy being analyzed exhibited remarkable success relative to PSO-

C4.5 (96.49%), EBL-RBFNN (98.40%), Gaussian Naïve Bayes (97.50%), and t-SNE (98.20%), demonstrating 

associated advancements of 2.08%, 0.17%, 1.07%, and 0.37%. These results confirm its effectiveness in handling 

missing values and selecting relevant features. 

Novelty: Unlike prior studies that addressed missing values and feature selection separately, this research integrates 

both techniques, enhancing classification accuracy and computational efficiency. The findings suggest that this 

approach provides a reliable breast cancer diagnosis method. Future work could explore deep learning integration and 

validation on larger datasets to improve generalizability. 
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INTRODUCTION 
In recent decades, the understanding of breast cancer has changed dramatically due to extensive research 

into its molecular characteristics [1]. Breast cancer is the most common cancer in women and the leading 

cause of cancer death among women [2] This condition is caused by the development of abnormal cells in 

the breast, where the type and characteristics of the malignant cells involved determine the classification of 

breast cancer [3]. The prevalence of breast cancer is increasing in developing countries due to lifestyle 

changes, including diet, delayed pregnancy, decreased fertility, and shorter breastfeeding periods [4]. 

Although survival rates are high when detected early, many women face social, economic, and geographic 

barriers to accessing timely and affordable breast health services [5]. Manual diagnosis of breast cancer is 

time-consuming and requires specialized expertise, making machine-based prediction essential to prevent 

further spread [6]. Recent research using deep learning techniques as part of machine learning (ML) shows 

great potential in early detection [7] and treatment of breast cancer [8]. 

 

ML constitutes a subset of artificial intelligence (AI) methodologies that leverage algorithmic frameworks 

to enhance efficacy in designated undertakings, including but not limited to classification and prediction, 

by assimilating insights derived from data devoid of direct instructional guidance. The hallmark of ML is 
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the use of algorithms that learn from data without explicit instructions on how to achieve it [9]. 

Classification is an important and essential operation in data science and ML [10]. Classification is a 

supervised ML problem, which focuses on accurately assigning observations to a particular class, either 

binary with two possible classes or multi-class [11]. In addition to providing accurate results, classification 

offers insight into how the model makes decisions [6]. The classification process requires labeled data for 

its development, while most of the data is available in unlabeled form, so it needs to be addressed. 

According to [12], classification is an essential ML technique that groups data based on the class labels 

provided. Data labeling is important because well-labeled data will produce a good classification model. 

The data labeling process must be followed carefully and consistently, as classification requires well-

labeled and accountable data [11]. Multi-label classification represents an advancement of the multi-class 

classification problem, in which a collection of class labels is correlated with a singular instance 

concurrently [13]. Decision trees are one of the most influential classification techniques in data mining; 

they have become popular due to their ease of use and visualization for various types of data sets [14]. 

 

Decision trees can predict the future by building a primary and representative classification or regression 

model in the form of a tree structure [15]. This technique is used to classify observations based on their 

characteristics and make numerical or categorical predictions [16]. The decision tree approach transforms 

facts into data, valid for exploring data in a tree structure that provides easy-to-understand rules for 

identifying hidden relationships between input and target variables [17]. Decision tree classification uses 

pre-assigned labels to ascertain or predict the class of a future data set where class labeling is uncertain 

[18]. The performance of a decision tree is evaluated based on the accuracy of predicting unobserved events 

[19]. The three predominant algorithms employed in the context of decision trees include C4.5, 

Classification and Regression Trees (CART), and Random Forest (RF) [20]. The C4.5 algorithm, the 

successor to Iterative Dichotomiser 3 (ID3), can handle datasets with different numeric features [21]. C4.5 

also supports handling categorical features and missing values and introduces the concept of gain ratio to 

overcome the bias of ID3 towards features with many different values [22]. One way to improve the 

accuracy of the classification results is to perform data preprocessing [20]. Handling missing values is often 

required in the preprocessing phase of a dataset for training and testing a model [23]. 

 

Missing values can occur due to various factors, such as missing completely, randomly, or non-randomly, 

caused by system failures or human errors during data collection or preprocessing. Ignoring or eliminating 

missing values can lead to biased or misinformed analysis, so it is essential to handle them before analyzing 

the data [24]. Missing values can also reduce the study's statistical power or lead to inaccurate estimates 

and conclusions. Therefore, although classification algorithms are used to handle numerical features, data 

normalization and handling missing values are considered significant issues in the data preprocessing stage 

[25]. Some methods for handling missing values include using K-Nearest Neighbor (KNN) [26], replacing 

with the mean value, CART [27] and Naïve Bayes [28]. The KNN algorithm employs straightforward 

similarity formulas, such as the Euclidean distance, to address classification issues. KNN offers the 

advantage of providing recommendations with high accuracy and relatively fast. KNN method generally 

uses two basic formulas to measure the similarity between training and test data: Euclidean distance and 

cosine similarity [28]. Notwithstanding its apparent straightforwardness, the KNN algorithm has 

demonstrated considerable efficacy. This method is non-parametric and instance-based, suitable for lazy 

learning, and, in the context of classification, is used to determine the class of newly discovered unlabeled 

objects [29]. 

 

In addition, in ML, one of the crucial preprocessing stages is feature selection, which aims to minimize the 

dimensionality of the dataset by selecting the most significant features from the original set [30]. This 

feature selection allows the identification and prioritization of critical features, thereby increasing the 

efficiency of the ML algorithm by focusing on relevant data [31]. There exists a multitude of algorithms 

that may be utilized for feature selection, including RF [32], linearity-based methods [33], improved 

butterfly optimization algorithm (IBOA), particle swarm optimization (PSO) [30], genetic algorithms (GA), 

principal component analysis, chi-square, and relief [34]. According to [35], Relief is one of the popular 

feature selection algorithms. Relief and its variations have shown high effectiveness in practice, evaluating 

features based on their ability to distinguish closely related instances [36]. 

 

Numerous prior investigations have concentrated on the utilization of the C4.5 algorithm in the context of 

breast cancer diagnosis. However, there are still obstacles in terms of accuracy due to missing values in the 

data and less than optimal feature selection. Several researchers have used various imputation and feature 



 

Scientific Journal of Informatics, Vol. 12, No. 1, Feb 2025 | 109  
 

selection methods, but studies that combine the KNN method for imputation with Relief as feature selection 

are still limited. Accordingly, this academic investigation aspires to refine the effectiveness of the C4.5 

algorithm in the realm of breast cancer diagnosis. This research intends to enhance the C4.5 algorithm by 

integrating a KNN-based missing value imputation technique and applying the Relief method for feature 

selection, aiming to yield a more precise predictive model for breast cancer. 

 

METHODS 

Dataset 

This study uses the Wisconsin Breast Cancer Database (WBCD) from the UCI Repository of Machine 

Learning [37]; it was obtained from the University of Wisconsin Hospital, Madison, by Dr. William H. 

Wolberg. The characteristics inherent to the dataset are delineated in Table 1. The WBCD dataset comprises 

699 records of 11 features, with ten numeric features and one categorical feature. 

 

Table 1. WBCD dataset features 
Variable Name Role Type Description Missing Values 

Sample_code_number ID Categorical 1-10 no 

Clump_thickness Feature Integer 1-10 no 
Uniformity_of_cell_size Feature Integer 1-10 no 

Uniformity_of_cell_shape Feature Integer 1-10 no 

Marginal_adhesion Feature Integer 1-10 no 
Single_epithelial_cell_size Feature Integer 1-10 no 

Bare_nuclei Feature Integer 1-10 yes 
Bland_chromatin Feature Integer 1-10 no 

Normal_nucleoli Feature Integer 1-10 no 

Mitoses Feature Integer 1-10 no 
Class Targer Binary 2 = benign,  

4 = malignant 

no 

 

Research stages 

This research begins with data collection, followed by preprocessing involving two main steps: missing 

value imputation with KNN and feature selection stage using relief algorithm. The following procedure 

consists of the division of the dataset into training and testing subsets by the specified proportions of 70:30, 

80:20, and 90:10. The ensuing procedure is designed to ascertain that, if the data constitutes training data, 

such data shall be employed by the C4.5 algorithm for the construction of a predictive model and 

subsequently subjected to evaluation utilizing testing data. After evaluation, the model accuracy is 

calculated using the confusion matrix and ends with reporting the model accuracy. Overall, Figure 1 shows 

the research method. 

 

 
Figure 1. Research method flowchart 

 

KNN 

KNN is a well-known and widely used classification algorithm that works on finding the k nearest 

neighbors of a query point [38]. Determining the value of k is crucial because it affects the number of 
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neighbors considered and significantly impacts the model's efficiency [39]. The performance of KNN is 

highly dependent on the accuracy of the selection of the k parameter, which is usually determined through 

cross-validation due to its dependence on the training dataset [40]. The algorithm's performance is affected 

by variations in the value of k and the high variance in the training dataset, with prediction accuracy tending 

to decrease as k approaches larger values [41]. Various distance metrics have been applied in KNN, 

including Euclidean, Minkowski, Manhattan, and Canberra distances. The choice of distance metric has a 

significant impact on the performance of KNN, with modifications such as the Modified Euclidean-

Canberra Blend Distance (MECBD) metric shown to improve class prediction efficiency [42]. The KNN 

algorithm is described in Figure 2. 

 

In classification, KNN assigns the majority class label of the nearest neighbors to an unknown object, while 

in regression, it predicts the value of an unseen data point as a linear combination of its k neighbors on a 

graph [39]. This algorithm's simplicity and non-parametric nature allow it to adapt to complex models 

without assumptions about the data distribution, making it a popular choice for simple classification models 

[43]. Its effectiveness, ease of implementation, and ability to add new data to the training set at any time 

make KNN a widely used classification algorithm [40]. 

 

 
Figure 2. KNN algorithm 

 

Relief feature selection 

Feature selection is a technique to reduce datasets' dimensionality and improve ML models' performance 

and efficiency [44]. Various feature selection algorithms have been developed, including GA, PSO, 

ensemble methods such as RF and Gradient Boosting Machines, and metaheuristic approaches such as the 

firefly algorithm and tabu search [45]. These techniques can be grouped into filter, wrapper, and embedded 

methods, each with its unique approach to selecting relevant features [46]. The benefits of feature selection 

include improved learning performance, reduced computational cost, and improved model interpretability 

[47]. This process plays a vital role in improving the quality of data models, leading to more accurate 

performance predictions and enhancing the quality of education [48]. The presence of irrelevant features 

can decrease the classification accuracy and increase the training and classification time, making feature 

selection a crucial step in the machine learning process [49]. An additional algorithm utilized for feature 

selection is the Relief algorithm. 

 

The Relief algorithm, as indicated by Figure 3, is a feature selection method initially designed for binary 

classification to identify the two nearest neighbors of the same and different classes, known as nearest hits 

and nearest hits [36]. This method is used to form a subset of relevant features for effective data 

classification [50], [51]. Relief evaluates the quality of features individually and selects the features with 

the highest scores for subset formation [51], [52]. Relief-based algorithms have been applied in various 

fields, including medical data analysis for lung cancer and heart disease prediction, demonstrating their 

effectiveness in improving classification [53]. 
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Figure 3. Relief feature selection algorithm 

 

C4.5 

The C4.5 algorithm, as shown by Figure 4, is a development of ID3 that introduces the concept of 

information gain level, making it superior in certain aspects [54].  This algorithm is known for its ease of 

understanding and high accuracy in classification tasks, making it a widely used method in various fields, 

including medical diagnosis [21]. C4.5 can handle datasets with different numeric attributes. It is often 

optimized using cross-validation to determine the tree's depth and the leaf nodes' minimum size, with a 

post-training pruning strategy to improve its performance [55]. However, in some cases, this algorithm can 

produce less than optimal accuracy, especially when dealing with many classes, which can increase 

decision-making time [56]. As one of the classic Shannon entropy-based decision trees, C4.5 uses the gain 

ratio to determine attribute separation, making it the basis for further method development as shown by 

Equation (7) and Equation (8) [57]. In addition, in a federative learning environment, decision tree 

structures such as C4.5, ID3, and CART require special techniques to combine decision paths without 

causing bias or overfitting while maintaining the robustness and generalizability of the resulting model 

[58]. 

 
Figure 4. C4.5 decision tree algorithm 
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Confusion matrix 

A confusion matrix constitutes a quantitative framework employed to examine the distribution of 

inaccuracies within the classification process by juxtaposing the actual classes with the predicted classes. 

This matrix is represented in a tabular format, where the rows denote the actual classes, while the columns 

signify the predicted classes, thereby facilitating the visualization of the performance metrics of the 

machine learning model [59]. Typically, a confusion matrix is made up of four key components: true 

positive (TP), true negative (TN), false positive (FP), and false negative (FN), which play a crucial role in 

determining various evaluative metrics such as true positive rate (TPR), true negative rate (TNR), false 

positive rate, and false negative rate [60]. For instance, a confusion matrix characterized by dimensions of 

2x2 is illustrated in Table 2. 

Table 2. Confusion matrix 
  True/Actual Class 

Positive (P) Negative (N) 

Predicted Class Positive (P) True Positive (TP) False Positive (FP) 

 Negative (N) False Negative (FN) True Negative (TN) 

 

The confusion matrix offers a comprehensive analysis of the performance metrics of the model, which 

encompasses: 

1. Accuracy serves as an indicator of the frequency with which a classification model produces 

correct predictions.  

Accuracy: (TP + TN) / (TP + TN + FP + FN)   (11) 

2. Precision measures how accurately the model predicts the positive class. 

Precision: TP / (TP + FP)     (12) 

3. Recall, or sensitivity, measures how well the model can detect all positive cases. 

Recall: TP / (TP + FN)     (13) 

4. F1-Score is the harmonic mean of precision and recall. It establishes an equilibrium between 

precision and recall, which is particularly advantageous when a disparity exists between the 

positive and negative classifications. 

F1-Score: 2 x (Precision x Recall) / (Precision + Recall)  (14) 

 

RESULTS AND DISCUSSIONS 

Preprocessing 

The following process removes the sample_cod_number feature from the dataset. The sample_cod_number 

feature is removed from the dataset because it is considered irrelevant and is a data sequence number. So, 

after removing the feature, there will be 10 selected features from the 11 existing features. 

 

KNN imputation 

Table 4.2 shows the results of checking for missing values in the dataset. In Table 4.2, the "Bare Nuclei" 

column has 16 missing values, equivalent to 2.32% of the total data. Concurrently, the remaining columns 

exhibit the absence of any missing values. Identifying columns with missing values allows us to take 

appropriate action. Handling is done using KNN Imputer, which fills the empty columns with KNN values 

obtained from the nearest neighbors. KNN works by calculating weight mean estimation based on k, where 

k is the number of closest observations to be used. The k used is 10, and then the Euclidean distance 

determines the k nearest neighbors for a particular test sample. The resulting prediction depends directly 

on the specific set of neighbors chosen. 

 

Relief feature selection and C4.5 

Feature selection in this study aims to reduce redundancy and increase model efficiency by retaining 

features with a high correlation with the target (Class) and removing features with a high correlation with 

each other unless both provide important unique information. A comprehensive analysis was conducted 

utilizing a correlation heat map to ascertain the interrelationships among features within the WBCD dataset, 

as illustrated in Figure 2. This diagram delineates the Pearson correlation coefficient pertaining to the 

various attributes present in the dataset, with the values fluctuating between -1 and 1, wherein values 

approaching 1 signify a significant positive correlation; in contrast, values approximating -1 imply a 

substantial negative correlation. 

 

The analysis results found that the features Uniformity of Cell Size and Uniformity of Cell Shape had a 

very high correlation (0.91), indicating that both provide similar information, so one can be considered for 
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removal in the feature selection process. In addition, the Clump Thickness feature also showed a relatively 

high correlation with Class (0.72), indicating its relevance to class prediction in the classification model. In 

contrast, the feature denoted as Mitoses exhibits a diminished correlation with Class (0.42), suggesting that 

its influence on the predictive model is less significant than the other features. 

 

 
Figure 2. Correlation Heatmap of Features 

 

Subsequent feature selection was executed utilizing the Relief algorithm, culminating in identifying the 

most optimal 6 features from the original 10 features in the dataset. The selected features included 

Uniformity of Cell Size, Uniformity of Cell Shape, Bare Nuclei, Single Epithelial Cell Size, Bland 

Chromatin, and Normal Nucleoli. The identification of anomalous data points within the dataset was further 

examined through the utilization of the Box Plot (Figure 3). This visual illustration signifies that the Bare 

Nuclei attribute showcases a broader diversity of values when contrasted with the other parameters, while 

elements like Single Epithelial Cell Size and Bland Chromatin present outlier cases that require thorough 

evaluation in the data preprocessing procedure. This examination serves as the foundation for ascertaining 

the most effective approach to enhance the efficacy of the employed classification model. 

 

 
Figure 3. Blox plot of features 
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The performance evaluation of the classification model with various data splits is shown in Table 3. The 

empirical study illustrates that shifts in the distribution of training to test data considerably modify the 

model's accuracy, precision, recall, and F1 score. 

 

Table 3. Experiment results using data splitting 
Data split 

TP TN FP FN Accuracy Precision Recall F1-Score 
Train Test 

70 30 17 52 0 1 97,11% 95,94 % 95,94 % 95,94 % 

80 20 45 89 3 2 96,40 % 93,75 % 95,74 % 94,73 % 

90 10 71 131 3 3 98,57% 100 % 94,44% 97,14 % 

 

In the 70:30 data split scenario, the model achieved an accuracy of 97.11%, with precision and recall of 

95.94% each. The F1-score attained a value of 95.94%, signifying a commendable equilibrium between 

precision and recall. In the 80:20 scenario, the accuracy experienced a marginal decline to 96.40%, 

accompanied by a precision of 93.75% and a recall of 95.74%. Notwithstanding the marginal reduction in 

precision, the F1-score persisted at 94.73%, signifying reliable performance. In the interim, the data 

division in a 90:10 ratio yielded superior accuracy, quantified at 98.57%, with precision attaining a 

remarkable 100% and recall measuring at 94.44%, culminating in an F1-score of 97.14%. 

 

Overall, the model shows stable performance in various data-splitting scenarios. The 90:10 data partition 

yields optimal outcomes in terms of accuracy and precision, whereas the 70:30 and 80:20 partitions 

demonstrate a more favorable equilibrium between precision and recall. These outcomes signify that the 

model is adept at accurately classifying data, reinforced by the feature selection strategy that employs the 

Relief algorithm, which aids in recognizing the key features [61]. The model can work more optimally and 

efficiently in prediction by eliminating less informative features. 

 

According to the information presented in Table 4, the methodology proposed in this research employs the 

C4.5 algorithm, enhanced by optimization via KNN as the imputation technique and Relief as the method 

for feature selection. This amalgamation yields a remarkable accuracy rate of 98.57%, suggesting that this 

strategy can augment the efficacy of pre-existing classification methodologies. 

 

Table 4. Comparison of Classification Accuracy Between Previous Methods and 

the Proposed Method on WBCD Dataset 
No Authors Methods Accuracy 

1 [62] PSO-C4.5 96.49% 

2 [63] EBL-RBFNN 98.40% 

3 [64] Gaussian - Naïve Bayes 97.5% 
4 [65] t-distributed Stochastic Neighbor Embedding (t-SNE) 98.20% 

5 Proposed method Relief-KNN-C4.5 98.57% 

 

Compared to prior investigations, the proposed methodology demonstrates a notable enhancement in 

accuracy. For instance, the PSO-C4.5 technique utilized by [62] realized an accuracy of 96.49%, whereas 

the EBL-RBFNN method implemented by [63] attained an accuracy of 98.40%. Moreover, the execution 

of the Gaussian - Naïve Bayes technique, as specified by [64], in conjunction with the t-distributed 

Stochastic Neighbor Embedding framework employed by [65], yielded accuracy ratings of 97.5% and 

98.20%, correspondingly. Consequently, the methodology proposed in this study is substantiated as 

superior to earlier techniques, establishing it as a more efficacious option for analyzing the WBCD dataset. 

 

CONCLUSION 

This research articulates a refined methodology for the classification of breast cancer by amalgamating the 

C4.5 algorithm with K-nearest neighbors (KNN) to address the issue of missing value imputation and 

employing Relief for the selection of pertinent features. The findings underscore that this integration 

markedly enhances classification accuracy in comparison to antecedent techniques. The advocated method 

realizes an accuracy enhancement of 2.08% relative to PSO-C4.5, 0.17% in contrast to EBL-RBFNN, 

1.07% over Gaussian Naïve Bayes, and 0.37% compared to t-SNE, thereby accentuating its efficacy in 

refining classification performance for the WBCD dataset. 

 

The findings emphasize the importance of effective feature selection and missing value handling in 

improving classification accuracy. Utilizing KNN for data imputation, the model proficiently reduces the 
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loss of information and maintains significant data, whereas the Relief algorithm ascertains that exclusively 

the most relevant features are engaged in the classification method. This optimization not only improves 

the accuracy of the model but also diminishes computational intricacies, rendering it a viable and efficient 

methodology for medical diagnostics. 

 

Given the promising results, future research could explore further enhancements, such as integrating deep 

learning architectures or hybrid feature selection techniques to improve generalizability across different 

medical datasets. In addition, the empirical examination of the recommended methodology across more 

extensive and varied datasets could enhance understanding of its durability and significance in genuine 

clinical contexts. 
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