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Abstract 

Breast cancer remains a leading cause of cancer-related mortality among women globally. Early diagnosis is critical to 
improving survival outcomes, and machine learning (ML) models have shown promise in enhancing predictive accuracy 
in medical diagnostics. This study presents a comprehensive comparative evaluation of six supervised ML algorithms: 
Logistic Regression (LR), Random Forest (RF), Support Vector Machine (SVM), K-Nearest Neighbours (KNN), Decision 
Tree (DT), and Gaussian Naive Bayes (GNB), applied to the Breast Cancer Wisconsin (Diagnostic) dataset. Using 
RandomForestClassifier for feature importance ranking, SMOTE to address class imbalance, and StandardScaler for 
normalization, the models were trained and evaluated using an 80-20 train-test split. Performance was assessed based 
on accuracy, precision, recall, and F1-score. Logistic Regression achieved the highest overall performance (97.90% 
accuracy, 100% precision). Results indicate that linear models can outperform complex classifiers under well-prepared 
conditions. This study contributes to ML-aided diagnostics by identifying optimal algorithms for breast cancer 
prediction using clinical imaging-derived features. 

Keywords: Breast cancer prediction; Supervised learning; Classification algorithms; SMOTE; Feature selection; Model 
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1. Introduction

Breast cancer remains one of the most diagnosed malignancies worldwide and represents a significant contributor to 
cancer-related mortality among women (Sung et al., 2021). Early detection and accurate diagnosis are critical for 
improving patient outcomes, reducing treatment complexity, and increasing survival rates (Tabár et al., 2000). In 
response to the increasing need for reliable and scalable diagnostic solutions, machine learning (ML) has emerged as a 
powerful approach for predictive analytics in the medical domain. These techniques enable healthcare professionals to 
process complex and high-dimensional datasets, offering valuable insights that can enhance diagnostic accuracy and 
inform clinical decisions (Zhu et al., 2019). 

A prominent dataset frequently utilized in breast cancer research is the Breast Cancer Wisconsin (Diagnostic) dataset. 
It comprises features extracted from digitized images of fine needle aspirates (FNA) of breast tissue, capturing 
structural attributes of cell nuclei that are relevant for malignancy detection. Due to its high reliability and diagnostic 
clarity, this dataset has served as a benchmark for numerous machine learning classification studies (Mangasarian et 
al., 1995). 

This study conducts a comparative analysis of six widely used supervised ML algorithms: Logistic Regression (LR), 
Random Forest (RF), Gaussian Naive Bayes (GNB), K-Nearest Neighbours (KNN), Decision Tree (DT), and Support 
Vector Machine (SVM) to evaluate their effectiveness in predicting breast cancer diagnoses. These models span both 
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linear and non-linear classifiers, offering diverse methodological strengths for binary classification tasks (Sayed et al., 
2019). 

To enhance the diagnostic performance of the models, the RandomForestClassifier is employed to identify the most 
important features within the dataset. Feature selection plays a vital role in improving model efficiency by reducing 
dimensionality and eliminating noise or redundancy. This focused approach allows the classifiers to better distinguish 
between malignant and benign cases (Zhu et al., 2019). 

A major challenge in medical datasets, particularly in breast cancer diagnosis, is class imbalance. Typically, non-
cancerous (benign) cases significantly outnumber malignant ones, leading to biased model performance. To address 
this, the Synthetic Minority Over-sampling Technique (SMOTE) is applied, which generates synthetic examples of the 
minority class through interpolation, thereby balancing the dataset and enhancing model generalization (Fernández, 
García, et al., 2018). 

Model performance is assessed using four key evaluation metrics: accuracy, precision, recall, and F1 score. Accuracy 
provides a general measure of classification correctness, while precision and recall focus on the model’s capability to 
identify true positives and minimize false positives. The F1 score, as a harmonic mean of precision and recall, serves as 
a balanced metric, particularly useful for imbalanced classification problems (Tharwat, 2020). 

This study aims to offer a systematic comparison of the six ML algorithms in the context of breast cancer prediction, 
examining their strengths, limitations, and potential for clinical deployment. By integrating feature selection and data 
balancing techniques, the study contributes to advancing the reliability and interpretability of ML-based diagnostic 
systems in oncology. 

2. Related Work 

The application of ML techniques for breast cancer prediction and diagnosis has gained substantial momentum in recent 
years. This growing interest is driven by the increasing availability of high-quality medical datasets and the 
advancement of computational algorithms that enable robust predictive modeling (Almeida et al., 2020). Numerous 
studies have employed supervised ML algorithms to enhance early detection, a critical component in improving 
treatment outcomes and survival rates. 

Chaurasia and Pal (2020) explored the performance of multiple supervised learning models, including Support Vector 
Machine (SVM), K-Nearest Neighbours (KNN), Multilayer Perceptron (MLP), and ensemble stacking methods using the 
Wisconsin Diagnostic Breast Cancer (WDBC) dataset. Among these, SVM demonstrated the highest classification 
accuracy, surpassing 90%, thereby highlighting its suitability for binary diagnostic tasks. 

In a comparative study, Islam et al. (2020) evaluated the effectiveness of SVM, KNN, Decision Tree (DT), Random Forest 
(RF), and Logistic Regression (LR) models using the Wisconsin Breast Cancer Dataset (WBCD). Their findings showed 
that Artificial Neural Networks (ANNs) outperformed all traditional classifiers, achieving an exceptional accuracy of 
98.57%, precision of 97.82%, and an F1 score of 0.989, underscoring the predictive superiority of deep learning 
techniques in this domain. 

Further emphasizing deep learning, Tiwari et al. (2020) investigated a range of models including KNN, SVM, DT, Naïve 
Bayes (NB), LR, RF, Convolutional Neural Networks (CNN), and ANN. Using the Breast Cancer Wisconsin (Diagnostic) 
dataset, their results revealed that ANN and CNN achieved the highest accuracy rates, with CNN reaching 99.3% and 
ANN 97.3%, affirming the power of feature learning in enhancing diagnostic performance. 

In another study, Naji et al. (2021) implemented traditional classifiers such as SVM, RF, LR, DT (C4.5), and KNN on the 
same diagnostic dataset. Their analysis identified SVM as the most effective algorithm, with a top accuracy of 97.2%, 
reinforcing the model’s consistency across multiple studies. 

The work by Nemade and Fegade (2023) investigated a broad range of algorithms including LR, DT, RF, SVM, and KNN 
while incorporating advanced ensemble techniques such as XGBoost. Their study, based on the WBCD, found that both 
DT and XGBoost achieved the highest accuracy (97%), with XGBoost also obtaining the highest AUC score of 0.999. Their 
findings illustrated the performance benefits of boosting algorithms in cancer classification tasks. 
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Srivenkatesh (2020) also evaluated various ML models including SVM, RF, NB, and LR, applied to a dataset from Kaggle 
comprising diverse diagnostic features. Notably, RF emerged as the best-performing model, attaining an accuracy of 
98.24%, which supports the model’s robustness in handling nonlinear data distributions. 

Rabiei et al. (2022) focused on a heterogeneous dataset containing demographic, laboratory, and mammographic 
features. Their study applied RF, Gradient Boosting Trees (GBT), and Multi-Layer Perceptron (MLP), coupled with a 
genetic algorithm for hyperparameter optimization. Despite the complexity of their feature set, RF achieved the best 
accuracy at 80%, suggesting potential for ensemble models in multi-modal data settings. 

Shravya et al. (2019) employed LR, SVM, and KNN on the WBCD, concluding that SVM again outperformed the other 
classifiers, achieving an accuracy of 92.7%. This study aligns with others affirming the model’s robustness in structured 
medical datasets. 

Ensemble learning was further explored by Nanglia et al. (2022), who implemented both homogeneous (RF) and 
heterogeneous stacking ensembles combining KNN, SVM, and DT, alongside single models such as LR, NB, ANN, and 
SGD. Utilizing various K-fold cross-validation strategies, the stacking model outperformed individual classifiers, 
attaining a validation accuracy of 78%, while base classifiers individually achieved lower accuracy rates. 

Lastly, Mahesh et al. (2024) evaluated a blended ensemble model combining SVM, KNN, DT, RF, and LR. Their model, 
tested on the WBCD, demonstrated an accurate improvement of 98.14%, validating the merit of integrating diverse base 
learners to maximize diagnostic precision. 

Collectively, these studies highlight the versatility and effectiveness of supervised ML algorithms in breast cancer 
prediction. Models such as LR, RF, GNB, KNN, DT, and particularly SVM, have demonstrated varying strengths depending 
on dataset characteristics and preprocessing methods. Furthermore, enhancements such as feature selection with 
RandomForestClassifier and class imbalance correction using SMOTE have consistently been shown to boost model 
performance. However, a comprehensive evaluation of these algorithms under consistent preprocessing and evaluation 
criteria remains limited. This study addresses this gap by systematically comparing six ML algorithms using unified 
preprocessing protocols and a robust evaluation framework. 

3. Materials and Methods 

3.1. Overview 

This section outlines the experimental design and implementation strategy adopted for evaluating the performance of 
six supervised machine learning algorithms in breast cancer prediction. The Breast Cancer Wisconsin (Diagnostic) 
dataset served as the foundation for model training and evaluation. To ensure fair and effective comparisons, key 
preprocessing steps were conducted, including feature selection using the RandomForestClassifier, class imbalance 
mitigation through the Synthetic Minority Over-sampling Technique (SMOTE), and feature scaling via StandardScaler. 
Performance evaluation was based on commonly used classification metrics, namely accuracy, precision, recall, and F1 
score (Taha & Khedher, 2019; Fang & Yu, 2020). 

3.2. Dataset Description 

The Breast Cancer Wisconsin (Diagnostic) dataset, retrieved from the UCI Machine Learning Repository, is a widely 
used benchmark for binary classification tasks in medical machine learning research. It comprises 569 samples, each 
corresponding to a patient record characterized by 32 numerical attributes derived from digitized images of fine needle 
aspirates (FNA) of breast masses. These features include metrics such as radius, texture, smoothness, and concavity, 
which are instrumental in classifying tumors as benign or malignant (Ali & El-Baz, 2017). 

• Total samples: 569 

• Features: 32 continuous variables 

• Target classes: Malignant (1) and Benign (0) 

• Class imbalance: Benign cases significantly outnumber malignant ones 
 

This dataset is recognized for its reliability and has served as a standard for both traditional and deep learning-based 
approaches to cancer prediction. 
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3.3. Data Preprocessing 

Effective preprocessing is critical to the success of ML models. The dataset underwent several preprocessing steps to 
ensure it was appropriately formatted for training. 

3.3.1. Missing Value Handling 

The dataset was thoroughly examined for missing or inconsistent entries. No missing values were detected, allowing 
the dataset to be used without imputation or removal of entries (Bache & Lichman, 2013). 

3.3.2. Feature Selection 

Feature selection was performed using the RandomForestClassifier to rank input variables by importance. The top-
ranking features were retained for training, while features with low predictive value were discarded. This approach 
enhances model interpretability, reduces overfitting risk, and improves computational efficiency (Fang & Yu, 2020). 

3.3.3. Addressing Class Imbalance with SMOTE 

To address the inherent class imbalance, SMOTE was employed to synthetically generate new samples from the minority 
class (malignant). This oversampling technique helps the classifier generalize better and minimizes bias towards the 
majority class (Fernández, Galar, et al., 2018). 

3.3.4. Feature Scaling 

StandardScaler was applied to normalize the feature space by ensuring all input variables had a mean of zero and a 
standard deviation of one. This transformation is essential for ML algorithms that rely on feature magnitude, such as 
SVM and LR (Jain & Jain, 2015). 

3.4. Model Implementation 

Each of the six models was implemented using Scikit-learn. A brief overview of each model is provided below: 

3.4.1. Random Forest (RF) 

An ensemble classifier that aggregates multiple decision trees trained on random subsets of features and data. This 
method reduces overfitting and enhances generalization (Biau & Scornet, 2016). 

3.4.2. Decision Tree (DT) 

A tree-based model that splits input data based on feature values. Although interpretable and efficient, DTs are prone 
to overfitting, which can be mitigated through pruning or ensemble methods (Zhang & Singer, 2010). 

3.4.3. Logistic Regression (LR) 

A probabilistic model used for binary classification. It estimates the probability that a sample belongs to a particular 
class based on one or more predictor variables (Peng et al., 2002). 

3.4.4. K-Nearest Neighbours (KNN) 

A non-parametric algorithm that classifies a sample based on the majority vote of its 'k' nearest neighbours. The distance 
between samples is calculated using metrics such as Euclidean distance (Zhang & Zhao, 2017). 

3.4.5. Support Vector Machine (SVM) 

A powerful classification model that seeks to find the optimal hyperplane separating two classes with the maximum 
margin. It supports non-linear decision boundaries using kernel functions (Schölkopf & Smola, 2002). 

3.4.6. Gaussian Naive Bayes (GNB) 

A probabilistic model based on Bayes’ theorem, assuming that features are conditionally independent and normally 
distributed. Despite its simplicity, it performs competitively on certain datasets (Rish, 2001). 
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3.5. Evaluation Metrics 

Model performance was assessed using four widely adopted metrics derived from the confusion matrix: accuracy, 
precision, recall, and F1 score (Deng et al., 2016). 

• True Positive (TP): Correctly predicted malignant cases 

• False Positive (FP): Benign cases wrongly predicted as malignant 

• False Negative (FN): Malignant cases wrongly predicted as benign 

• True Negative (TN): Correctly predicted benign cases 

The formulas for each metric are as follows: 

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

• Precision: TP / (TP + FP) 

• Recall (Sensitivity): TP / (TP + FN) 

• F1 Score: 2 × (Precision × Recall) / (Precision + Recall) 

These metrics collectively offer a comprehensive evaluation of model effectiveness, particularly in the context of 
imbalanced datasets. 

3.6. Model Training and Validation 

The dataset was split into an 80% training set and a 20% test set to ensure the reliability of the evaluation process. 
Cross-validation and hyperparameter tuning were conducted during model training to prevent overfitting. Final model 
performance was reported on the unseen test set, providing an unbiased estimate of generalization capability. 

4. Model Evaluation 

To assess the predictive capabilities of each machine learning model, a thorough evaluation was conducted using the 
designated test set. While accuracy served as the primary metric, indicating the proportion of correctly classified 
samples, it was complemented by three additional performance indicators: precision, recall, and F1-score. Together, 
these metrics provide a holistic view of model effectiveness, especially in the context of imbalanced datasets commonly 
encountered in medical classification tasks (Khan & Ahmad, 2016). 

The confusion matrix was used to compute these metrics and to visualize classification results in terms of true positives 
(TP), false positives (FP), false negatives (FN), and true negatives (TN). This approach enables a nuanced interpretation 
of each model's strengths, particularly its sensitivity to detect malignant cases and its ability to avoid false positives. 

4.1. Performance Comparison 

Table 1 and Figure 1 present a summary of each model’s performance based on the four-evaluation metrics. These 
results highlight notable differences in predictive accuracy and reliability across the six classifiers. 

Table 1 Performance Metrics for Supervised Learning Models 

S/N Model Accuracy (%) Precision (%) Recall (%) F1 Score (%) 

1 Logistic Regression (LR) 97.90 100.00 95.83 97.87 

2 Support Vector Machine (SVM) 96.50 98.55 94.44 96.45 

3 K-Nearest Neighbours (KNN) 95.80 100.00 91.67 95.65 

4 Random Forest (RF) 95.10 94.52 95.83 95.17 

5 Decision Tree (DT) 93.71 92.00 95.83 93.88 

6 Gaussian Naive Bayes (GNB) 93.01 95.58 90.28 92.86 
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Figure 1 Performance metrics (Accuracy, Precision, Recall, F1 Score) for six ML models on the Breast Cancer 
Wisconsin (Diagnostic) dataset 

5. Discussion 

The experimental results revealed that Logistic Regression (LR) demonstrated the most effective performance among 
the six evaluated models, achieving the highest accuracy (97.90%) and perfect precision (100%). These results indicate 
LR’s robust ability to correctly identify malignant cases while minimizing false positives. The combination of high recall 
(95.83%) and flawless precision positions LR as a highly dependable diagnostic tool, particularly in clinical scenarios 
where false alarms can lead to unnecessary stress and procedures for patients. 

Support Vector Machine (SVM) and K-Nearest Neighbours (KNN) also delivered strong classification performance, 
achieving high precision and F1 scores. SVM’s precision of 98.55% and recall of 94.44% indicate a well-balanced 
capability in differentiating between benign and malignant samples. KNN, while also attaining perfect precision 
(100.00%), recorded a slightly lower recall (91.67%), suggesting that it may occasionally fail to detect some malignant 
cases. In clinical practice, such false negatives are particularly undesirable, as they can delay critical treatment for 
affected individuals. 

Both Random Forest (RF) and Decision Tree (DT) exhibited comparable recall values (95.83%), highlighting their 
sensitivity to malignant instances. However, these models showed moderate declines in precision, 94.52% for RF and 
92.00% for DT, resulting in slightly lower overall accuracy and F1 scores. These results suggest that while tree-based 
models can identify true positives effectively, they may be more prone to false positives, potentially over-predicting 
malignancy. 

Gaussian Naive Bayes (GNB), despite being computationally efficient and conceptually simple, underperformed in 
comparison to the other classifiers. It achieved the lowest accuracy (93.01%) and recall (90.28%), which can be 
attributed to its assumption of feature independence, a limitation that is often unrealistic in medical datasets where 
features are highly correlated. These deficiencies reduce GNB’s reliability in complex diagnostic applications. 

Overall, the results underscore the importance of selecting a model not solely based on accuracy but also on a balanced 
trade-off between precision and recall. In clinical contexts, especially for life-threatening conditions like breast cancer, 
a model’s ability to minimize false negatives is often more critical than achieving perfect precision alone. Therefore, 
models like Logistic Regression and SVM, which maintain high levels of both precision and recall, may offer the most 
clinically valuable solutions for early breast cancer detection. 

6. Conclusion and Future Work 

This study presented a comparative analysis of six supervised machine learning algorithms for breast cancer prediction 
using the Breast Cancer Wisconsin (Diagnostic) dataset. Among the evaluated models, Logistic Regression emerged as 
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the most effective, achieving the highest accuracy and perfect precision, while Support Vector Machine and K-Nearest 
Neighbours also demonstrated strong performance. Tree-based models like Random Forest and Decision Tree offered 
high sensitivity but at the cost of slightly reduced precision. Gaussian Naive Bayes, although computationally efficient, 
showed limitations due to its simplifying assumptions. 

The findings highlight the critical role of feature selection, data preprocessing, and model choice in developing reliable 
diagnostic systems. In clinical applications, models with balanced precision and recall, such as Logistic Regression and 
SVM are especially valuable for minimizing both false positives and false negatives. 

Future work should explore the integration of ensemble methods (e.g., XGBoost, LightGBM), deep learning 
architectures, and real-world patient data to enhance generalizability. Additionally, implementing explainable AI (XAI) 
techniques could improve model interpretability, fostering greater trust and adoption in clinical settings. 
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