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ABSTRACT 

Breast tumor classification is an important machine learning application in healthcare because 

reliable differentiation between benign and malignant observations may sup-port computer-

assisted analysis. This study presents an educational machine learning framework for 

classifying breast tumor observations into benign and malignant categories using quantitative 

measurements of cell nuclei. The Breast Cancer Wisconsin (Diagnos-tic) dataset, containing 

569 observations and 30 numerical predictive features, was used for experimentation. Six 

classification algorithms were evaluated: Logistic Regression, K-Nearest Neighbors, 

Decision Tree, Random Forest, Support Vector Machine, and Gra-dient Boosting. The 

experimental workflow consisted of feature preparation, train-test partitioning, model 

training, prediction, and multi-metric evaluation. Accuracy, pre-cision, recall, F1-score, 

ROC-AUC, and confusion matrices were used for comparative assessment. In the reported 

held-out test split, Random Forest achieved approximately 97.37% accuracy, 100.00% 

precision, 92.86% recall, 96.30% F1-score, and 99.8% ROC-AUC. Feature-importance 

analysis indicated that perimeter-worst, area-worst, concave-points-mean, concave-points-

worst, and radius-worst were among the most influential variables in the Random Forest 

model. An interactive prediction interface was also de-veloped to demonstrate model 

inference. The system is intended for educational and research purposes and must not be 

interpreted as a clinical diagnostic instrument. 
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INTRODUCTION 

Breast cancer is a major global health problem. The World Health Organization reported an 

estimated 2.4 million women diagnosed with breast cancer and approximately 694,000 deaths 

globally in 2024 [1]. Reliable and timely diagnosis is therefore an important component of 

breast cancer care. 

Machine learning has increasingly been investigated for computer-assisted analysis of 

biomedical data. In breast cancer research, algorithms can learn relationships between 

quantitative measurements and diagnostic classes, potentially providing useful decision-

support or educational tools. However, predictive performance on a benchmark dataset 

should not be confused with clinical diagnostic effectiveness. 

The present study uses the Breast Cancer Wisconsin (Diagnostic) (WDBC) dataset. The UCI 

Machine Learning Repository describes the dataset as a classification dataset con-taining 569 

observations and 30 real-valued features derived from digitized fine-needle as-pirate (FNA) 

images of breast masses [2]. The original feature-extraction work described measurements 

related to nuclear size, shape, and texture, including mean, standard error, and worst-value 

summaries [3, 4]. 

The WDBC dataset has become a widely used benchmark for evaluating classification 

methods. Previous studies have investigated support vector machines, logistic regression, 

nearest-neighbour methods, decision trees, ensemble models, and other machine learning 

techniques on the dataset [5, 6, 7, 8, 9]. 

The research problem addressed in this study is the comparative evaluation of multiple 

machine learning algorithms under a common experimental workflow and the integration of 

the selected model into an interactive prediction interface. 

The objectives are: 

To develop a reproducible machine learning workflow for benign and malignant breast tumor 

classification. 

To compare six supervised classification algorithms. 

To evaluate models using accuracy, precision, recall, F1-score, ROC-AUC, and con-fusion 

matrices. 

To identify influential features using Random Forest feature importance. 

To select a strong-performing model for an interactive educational prediction ap-plication. 
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To demonstrate the complete workflow from dataset preparation to model inference and 

interpretation. 

The study follows established principles of supervised statistical learning and model eval-

uation [16, 17]. 

 

MATERIALS AND METHODS 

Dataset 

The Breast Cancer Wisconsin (Diagnostic) dataset was obtained from the UCI Machine 

Learning Repository. It contains 569 observations, 30 numerical features, and a binary 

diagnosis target [2]. The feature values were computed from digitized images of fine-needle 

aspirates of breast masses and describe characteristics of cell nuclei [3, 4]. 

The dataset contains 212 malignant observations and 357 benign observations [4]. The class 

distribution is therefore not exactly balanced, and this characteristic was retained rather than 

artificially changing the original class proportions. 

 

 

 

Feature Groups 

The 30 predictive variables are organized into ten basic nuclear characteristics: 

1. Radius, 

2. Texture, 

3. Perimeter, 

4. Area, 

5. Smoothness, 

6. Compactness, 

7. Concavity, 
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8. Concave points, 

9. Symmetry, and 

10. Fractal dimension. 

 

Each characteristic is represented through mean, standard-error, and worst-value mea-

surements. This structure follows the original feature extraction process reported for 

the dataset [3]. 

 

Software and Implementation 

The experimental workflow was implemented in Python using standard scientific com-puting 

and machine learning tools. Scikit-learn provides implementations of the classi-fication 

algorithms and evaluation procedures used in the workflow [18]. Data handling and 

numerical processing can be performed using commonly adopted Python scientific-

computing libraries [30, 31]. 

 

The workflow can be represented as: 

Dataset → Feature/Target Separation → Preprocessing → Train/Test Split 

→ Model Training → Prediction → Evaluation → Model Selection  

Interactive Application 

 

Data Preprocessing 

The diagnosis column was treated as the target variable and the numerical measurements as 

predictors. For models that are sensitive to feature scale, standardized numerical features 

were used. Scaling and preprocessing are important because algorithms such as KNN, 

Logistic Regression, and SVM can be influenced by differences in feature magnitude [16, 

17]. 

The reported confusion matrices contain 114 test observations, which is consistent with an 

80:20 held-out partition of the 569-observation dataset after rounding. 

Classification Models 

Six supervised classification algorithms were evaluated. 

Logistic Regression: Logistic Regression was used as a linear probabilistic baseline for 

binary classification. 

K-Nearest Neighbors: KNN predicts a class according to nearby training observa-tions. Its 

performance can depend on the distance measure and the selected number of neighbours [14, 

32]. 
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Decision Tree: Decision-tree learning recursively partitions observations according to 

feature-based rules. The CART family of tree methods provides a standard foundation for 

tree-based classification [12]. 

Random Forest: Random Forest combines multiple randomized decision trees and aggregates 

their predictions. The method was introduced by Breiman and is widely used for 

classification and regression [11]. 

Support Vector Machine: SVM constructs a separating decision boundary based on margin 

maximization and kernel methods [13]. 

Gradient Boosting: Gradient Boosting constructs an additive sequence of weak learners to 

improve predictive performance by optimizing a differentiable loss function [15]. 

These models represent different learning principles, allowing the study to compare linear, 

neighbourhood-based, tree-based, ensemble, kernel-based, and boosting approaches [16]. 

 

Evaluation Metrics 

The following metrics were used. 

 

 

ROC curves and their area under the curve (AUC) were also used. ROC analysis is a standard 

approach for evaluating binary classifiers over varying decision thresholds [19]. Precision-

recall and ROC-based evaluation can provide complementary views of classifier behaviour 

[21]. 

Confusion matrices were generated to examine the distribution of true-positive, true-negative, 

false-positive, and false-negative predictions. 
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Figure 1: Interactive Tumor Predictor interface showing a benign test input using the 

mean-measurement fields. 

 

Interactive Prediction Interface 

An interactive prediction interface was developed to demonstrate how the selected model can 

be used with manually entered numerical measurements. The interface contains 

mean, standard-error, and worst-measurement sections. Figure 1 shows the mean-

measurement portion of the interface used during testing. 

The application displays the predicted class together with model probability estimates. These 

values represent model outputs for the supplied numerical feature vector and are not 

equivalent to clinically validated probabilities. 

 

RESULTS AND DISCUSSION 

Comparative Model Performance 

The experimental results supplied with the project show that Random Forest and Support 

Vector Machine achieved the highest reported accuracy of approximately 97.37%, while 

Random Forest achieved the highest reported ROC-AUC of approximately 0.998. 
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Table 2: Reported performance of the six evaluated machine learning models. 

Model Accuracy Precision Recall F1-score ROC-AUC 

Random Forest 97.37% 100.00% 92.86% 96.30% 0.998 

Logistic Regression 96.49% 97.50% 92.86% 95.12% 0.996 

Support Vector Machine 97.37% 100.00% 92.86% 96.30% 0.995 

Gradient Boosting 96.49% 100.00% 90.48% 95.00% 0.994 

K-Nearest Neighbors 95.61% 97.44% 90.48% 93.83% 0.982 

Decision Tree 92.11% 94.59% 83.33% 88.61% 0.945 

 

Important reproducibility note: The values in Table 2 are transcribed from the supplied 

project screenshots. Before journal submission, the exact values should be re-generated 

directly from the final Python training/evaluation script and copied into the manuscript 

without rounding inconsistencies. 

 

 

Figure 2: Confusion matrices for Logistic Regression, KNN, Decision Tree, Random 

Forest, SVM, and Gradient Boosting. 

 

Confusion Matrix Analysis 

The Random Forest confusion matrix contains 72 correctly classified benign observa-

tions, 39 correctly classified malignant observations, 3 malignant observations 

incorrectly classified as benign, and no benign observations incorrectly classified as 

malignant. 

Thus: 
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TN = 72, 

FP = 0, 

FN = 3, 

TP = 39. 

The resulting accuracy is: 

 

or approximately 97.37%. 

 

The three false-negative predictions are particularly important from a research perspec-tive 

because they demonstrate that high overall accuracy does not mean perfect classifi-cation. 

Medical machine learning studies should therefore examine sensitivity/recall and false-

negative behaviour rather than reporting accuracy alone [21, 22]. 

 

 

Figure 3: Top 15 feature-importance scores obtained from the Random Forest model. 

 

Feature Importance 

Figure 3 shows the top 15 features ranked by the Random Forest feature-importance 

measure. The leading variables in the displayed experiment were: 

1. Perimeter-worst, 

2. Area-worst, 
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3. Concave-points-mean, 

4. Concave-points-worst, 

5. Radius-worst, 

6. Concavity-mean, 

7. Radius-mean, 

8. Perimeter-mean, 

9. Concavity-worst, 

10. Area-mean, 

11. Area-se, 

12. Compactness-mean, 

13. Radius-se, 

14. Texture-worst, 

15. Compactness-worst. 

 

The displayed ranking suggests that measurements describing the size and shape of cell 

nuclei contributed strongly to the Random Forest decision process. This is consistent with the 

original WDBC feature construction, which was explicitly designed around nuclear size, 

shape, and texture characteristics [3, 4]. 

Feature importance should not, however, be interpreted as a causal medical explanation. A 

feature-importance score indicates how a trained model uses variables within the fitted 

predictive system; it does not establish that an individual variable independently causes 

malignancy. 

For future work, model-agnostic explanation techniques such as LIME and SHAP could be 

incorporated to provide local explanations for individual predictions [25, 26]. Recent reviews 

indicate that SHAP has become a frequently used XAI approach in breast cancer research, 

particularly for tree-based models [27]. 
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Figure 4: Comparative bar chart of accuracy, precision, recall, F1-score, and ROC-

AUC for the six models. 

 

Performance Comparison 

Figure 4 illustrates the multi-metric comparison. Random Forest provided the strongest 

combination of accuracy and ROC-AUC in the reported experiment. Logistic Regression and 

SVM also performed strongly, demonstrating that the dataset is highly separable using 

several conventional algorithms. 

Previous WDBC studies similarly report strong performance for SVM, Logistic Regres-sion, 

KNN, Decision Tree, and Random Forest, although reported values vary according to the 

train-test partition, preprocessing, feature selection, and hyperparameter configu-ration [5, 6, 

7, 8, 9]. Therefore, the numerical results of different studies should not be compared as 

though they were generated under identical experimental conditions. 
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Figure 5: ROC curve comparison for the six evaluated classification models. 

 

ROC-AUC Analysis 

Figure 5 shows the ROC curves generated by the project. The displayed AUC values were 

approximately 0.996 for Logistic Regression, 0.982 for KNN, 0.945 for Decision Tree, 0.998 

for Random Forest, 0.995 for SVM, and 0.994 for Gradient Boosting. 

The Random Forest curve produced the largest reported AUC, indicating strong discrim-

ination between the two classes in the held-out test experiment. ROC-AUC is useful because 

it evaluates ranking performance across multiple thresholds rather than relying on a single 

classification threshold [19]. 

Nevertheless, a high AUC on a benchmark dataset does not establish clinical validity. 

External validation, calibration, prospective testing, and assessment across representative 

populations would be required for clinical use [24, 23]. 



Copyright@    Page 12 

International Journal Research Publication Analysis 
 

 

 

Figure 6: Interactive application output for the benign test example. The model 

classified the supplied feature vector as BENIGN with a displayed benign probability of 

99.33%. 

 

Benign Test Example 

The supplied application screenshot shows a test configuration that was classified as 

BENIGN. The interface displayed: 

Model classification: BENIGN 

Benign probability: 99.33% 

Malignant probability: 0.67% 

This example demonstrates the prediction interface rather than a clinical patient case. The 

displayed probability is a model output and should not be interpreted as a clinically calibrated 

probability of disease. 
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Figure 7: Interactive application showing the malignant test configuration and the 

resulting MALIGNANT classification. 

 

Malignant Test Example 

A second manually entered feature configuration was evaluated to verify that the appli-cation 

could also produce a malignant classification. The displayed mean measurements were: 

 

Table 3: Mean measurements shown in the malignant test example. 

Feature Value 

Radius Mean 23.450000 

Texture Mean 26.750000 

Perimeter Mean 152.300000 

Area Mean 1436.500000 

Smoothness Mean 0.018250 

Compactness Mean 0.254900 

Concavity Mean 0.237800 

Concave Points Mean 0.147200 

Symmetry Mean 0.302100 

Fractal Dimension Mean 0.097600 

 

The application returned: 

Model classification:  MALIGNANT 

This test demonstrates application functionality. It should not be presented as an inde-pendent 

clinical validation sample. 
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Interpretation and Comparison with Existing Work 

The experimental results are broadly consistent with previous studies showing that con-

ventional supervised learning algorithms can achieve high classification performance on the 

WDBC dataset. Agarap evaluated several machine learning algorithms and reported test 

accuracies above 90% for the presented models [5]. Zheng, Yoon, and Lam re-ported 

approximately 97.38% accuracy for a hybrid K-means/SVM method on WDBC [6]. Wang et 

al. investigated an ensemble of SVM models for breast cancer diagnosis and demonstrated 

the potential value of combining multiple classifiers [7]. Rajaguru and Chakravarthy 

compared Decision Tree and KNN methods on WDBC after feature selection [8]. 

Recent work continues to compare machine learning algorithms on WDBC and related breast 

cancer datasets, confirming that performance depends strongly on preprocessing, feature 

selection, model configuration, and evaluation protocol [9, 10]. This supports the use of a 

multi-model comparison rather than selecting a classifier solely because it is popular. 

The present project also emphasizes interpretability. Tree-based feature importance pro-vides 

a global view of the variables used by Random Forest, while methods such as LIME and 

SHAP can provide local explanations for individual predictions [25, 26]. Explain-ability is 

especially relevant in healthcare because predictive performance alone does not guarantee 

that a model is understandable, trustworthy, or clinically appropriate [27, 28]. 

 

CONCLUSION 

This study developed a machine learning framework for benign and malignant breast tumor 

classification using the Breast Cancer Wisconsin (Diagnostic) dataset. Six classifi-cation 

algorithms were compared using accuracy, precision, recall, F1-score, ROC-AUC, and 

confusion matrices. 

In the reported held-out experiment, Random Forest achieved approximately 97.37% 

accuracy and the highest reported ROC-AUC of approximately 0.998. The Random Forest 

confusion matrix contained 72 true-negative, 39 true-positive, 0 false-positive, and 3 false-

negative predictions. Feature-importance analysis identified perimeter-worst, area-worst, 

concave-points-mean, concave-points-worst, and radius-worst among the leading variables. 

The project also demonstrates the integration of the selected model into an interactive 

prediction interface. This provides a complete educational machine learning workflow from 

dataset preparation through model comparison, feature analysis, and inference. 

However, the study has important limitations. The WDBC dataset is a relatively small 

benchmark dataset, the evaluation shown here is based on a single held-out test split, and the 
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interactive probability outputs have not been independently calibrated for clinical use. The 

reported results should therefore not be interpreted as evidence that the system can diagnose 

breast cancer. 

Future research should include repeated stratified cross-validation, independent external 

validation, probability calibration, systematic hyperparameter tuning, uncertainty anal-ysis, 

fairness evaluation, and more detailed XAI methods such as SHAP and LIME. Clin-ical 

deployment would additionally require appropriate clinical validation, governance, regulatory 

assessment, and prospective evaluation. 
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