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Abstract Manuscript Information 

 

The most important predictor of a favourable outcome is the early diagnosis of breast 

cancer, and the machine learning research community has been working tirelessly to 

increase the accuracy of these systems, yet there is a reproducibility crisis, with wildly 

varying results between papers that rarely coincide, possibly because they are using 

different preprocessing techniques, validation protocols, and evaluation metrics. In this 

study, six supervised classification algorithms, Logistic Regression, Support Vector 

Machine (SVM), k-Nearest Neighbours (KNN), Decision Tree, Random Forest, and 

XGBoost, are compared using a common pipeline on the Wisconsin Diagnostic Breast 

Cancer (WDBC) dataset [6]. The preprocessing, feature scaling, train-test splitting, 

hyperparameter search spaces, and cross-validation are the same across all models. SVM 

and KNN performed best with an accuracy of 98.25%, and KNN gave 100% recall (no 

false negatives). Logistic Regression was the most successful method with 99.57% ROC 

AUC. There was no statistically significant difference in SVM and KNN (t = 1.322, 

p = 0.257) based on a paired t-test. The main result is that simpler, well-tuned classifiers 

are still very competitive under the same experimental setup on the structured medical 

data. 
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 INTRODUCTION 

Breast cancer is one of the most important health issues of the 

21st century. Breast cancer is the most prevalent cancer in 

females: The Global Cancer Observatory, GLOBOCAN 2022, 

reported 2,296,840 new cases and 666,103 deaths in one year 

[26]. The International Agency for Research on Cancer (IARC) 

has projections of 1.0 million deaths and 3 million new cases 

per year by 2050 [27]. The most important determinant of 

positive outcomes is early detection: when cancer is contained, 

the 5-year survival rate is greater than 90%, but becomes more 

and more precarious as the cancer advances in its stage 

[28],[35]. 

Traditional diagnostic methods, such as mammography, 

ultrasound, fine needle aspiration (FNA), and core needle 

biopsy, are also associated with inter-observer variability, a 

high false positive rate in dense tissue, and are resource-heavy 

and not available in low-resource areas [1]. Machine learning 

(ML) has become a useful tool to complement clinical 

assessment. In the case of structured cytological features, 

classifiers have performed well with SVM, KNN, Random 

Forest, and XGBoost classifiers, achieving over 95% 

classification accuracy on the WDBC dataset 

[5],[7],[8],[9],[29]. Deep learning, specifically convolutional 

neural networks (CNNs), has also improved the results on raw 

imaging data: for 2D histopathology data, VGG16-based 

transfer learning has shown up to 99.3% accuracy [19],[21]; for 

3D mammographic data, federated CNN frameworks have been 

able to achieve 97.37% accuracy while maintaining patient 

privacy [23],[24]. 

Nevertheless, results from one study to another cannot readily 

be directly compared. Many factors influence the performance 

results reported and can cause their numbers to change 

significantly, such as feature scaling, train-test partitioning, 

hyperparameter tuning, cross-validation configurations, and 

evaluation metrics [2],[3],[30]. Explainability is also on the 

rise: SHAP and LIME-based frameworks are now increasingly 

recognised as prerequisites for clinical use [13],[16],[25]. 

This study is a controlled benchmarking study. All six 

classifiers are tested in a single, common pipeline under the 

same test conditions, allowing any differences in performance 

to be fairly attributed to the algorithm. The classifiers that are 

evaluated are: Logistic Regression, SVM, KNN, Decision Tree, 

Random Forest, and XGBoost. 

 

Research gap 

Many pieces of literature on the classification of WDBC using 

this type of machine learning report high accuracy with little 

consideration given to the clinically relevant aspects like recall, 

or the number of false negatives and a lack of control for 

methodological variance [1],[5],[9],[11],[12]. Comparative 

studies seldom use significance testing. A standardised 

evaluation framework is needed to address these gaps. 

 

Contributions 

Identical preprocessing, scaling, splitting, hyperparameter 

optimisation (HPO), and cross-validation (CV) for all six 

classifiers, thus setting up a fully controlled evaluation pipeline. 

(3) Multi-metric analysis (accuracy, precision, recall, F1-score, 

ROC-AUC, confusion matrix) with paired significance test on 

the top-performing metric chosen. (3) an overt focus of the 

clinical work on minimising false negatives. (4) The 

contextualisation of positioning within the literature of the 

2023-2026 breast cancer classification, deep learning, and 

explainable AI. 

related work 

 

Classical Machine Learning on WDBC 

Initial comparative tests confirmed that SVM, Logistic 

Regression and KNN were all good performers on the WDBC 

benchmark. Ara et al. [11] tested six classifiers and obtained 

96.5% accuracy by using correlation-based feature selection 

before SVM and Random Forest classifiers. Wei et al. [12] used 

SVM and RF algorithms on WDBC with 94% accuracy. That 

is, Panwar et al. [9] found SVM to be the most stable as per the 

general literature [5],[8]. Ensemble methods have also been 

shown to perform extremely well: Random Forest is often very 

accurate using bagging to reduce variance [18],[20], and 

XGBoost is also more robust to class imbalance [16],[25].  

 

Feature Selection Approaches 

There has been evidence that feature selection leads to higher 

accuracy and better interpretability. Singh et al. [17] combined 

Borderline-SMOTE with a feature selection pipeline and 

concluded that LightGBM performed best on the most 

informative feature subsets on cross-validation AUC. Hassan et 

al. [20] proposed a feature selection approach using Seagull 

Optimisation Algorithm (SGA) and Random Forest (RF) with 

99.01% mean accuracy and 22 features selected. In this 

particular research, all 30 features were kept equal to keep the 

comparability under the same input condition. 

 

Transfer Learning 

Abdulkareem and Abdulazeez [19] used transfer learning based 

on the VGG16 architecture on histopathological images and 

achieved an accuracy of 99.3%, better than the ResNet-50 

(98.1%) and the custom CNN (98.9%). Nasir et al. [15] used 

MobileNetV2, InceptionV3, ResNet50 and VGG16 as feature 

extractors on the BUSI ultrasound dataset. Tzeng et al. [22] 

proved that the CNN fusion of mammography and ultrasound 

images provides a better detection performance.  

 

Explainable AI in Breast Cancer Diagnosis 

Ghasemi et al. [13] identified that the commonly used XAI 

techniques included were primarily based on tree-based 

ensembles, such as XGBoost, and secondly on SHAP (13/30 

studies). Zou and Miao [25] showed that the SHAP value 

analysis could determine “clinically relevant predictive 

features.” Karim et al. [16] used a Bangladeshi patient 

population to train XGBoost and compared the SHAP values, 

using the approach to gain transparency at the feature level with 

97% accuracy [36,37].  
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 METHODOLOGY 

A common evaluation framework was developed to allow all 

the classifiers to be evaluated in the same setting. The structure 

of the pipeline is shown in Fig. 1. 

 

 
The unified ML evaluation pipeline was applied consistently 

across all six classifiers. 

 

Dataset Description 

The Wisconsin Diagnostic Breast Cancer (WDBC) dataset was 

downloaded from the UCI Machine Learning Repository [6]. 

This includes a set of 569 instances (357 benign, 212 

malignant) represented by 30 numerical features extracted from 

the digitised FNA images. Each of the 10 features, which 

represent statistics of the cell nucleus, such as radius, texture, 

perimeter, area, smoothness, compactness, concavity, concave 

points, symmetry and fractal dimension, is represented by 3 

statistical summaries: mean, worst and standard error. 

 

Data Preprocessing 

The patient ID column was not included in the model because it 

would lead to data leakage. All 30 features were normalised 

using StandardScaler so that all features have 0 mean and are 

scaled to be between -1 and 1, therefore not dominating the 

distance measure calculation as can happen in KNN due to the 

variable scales. This is especially important for classifiers that 

are based on distance or margin [17],[20]. 

 

Train-Test Splitting 

A stratified sampling method was used to divide the data set 

into 80% training data (455 instances) and 20% test data (114 

instances) to keep the class ratio of 62.7% to 37.3% intact for 

each data set. The results obtained in all the stochastic 

operations are fully reproducible using a fixed random seed of 

42 [3]. 

 

Hyperparameter Tuning and Cross-Validation 

Both models were optimised with a 5-fold stratified cross-

validation technique with GridSearchCV. The same search 

methodology is applied to all 6 models so that no model gets a 

better optimisation protocol. Table I shows the hyperparameter 

search spaces that were evaluated. 

 

HYPERPARAMETER SEARCH SPACES 

(GRIDSEARCHCV, 5-FOLD CV) 

 

Model Hyperparameter Search Space 

Logistic Regression C ∈ {0.01, 0.1, 1, 10} 

SVM kernel ∈ {linear, rbf}, C ∈ {0.1, 1, 10} 

KNN n_neighbors ∈ {3, 5, 7, 9} 

Decision Tree max_depth ∈ {3, 5, 10, None} 

Random Forest 
n_estimators ∈ {100, 200}, max_depth ∈ {5, 10, 

None} 

XGBoost 
learning_rate ∈ {0.01, 0.1}, max_depth ∈ {3, 5}, 

n_estimators ∈ {100, 200} 

 

Reproducibility Measures 

A random state 42 was put in place at all points in the pipeline. 

The experiments were conducted in a single controlled 

environment with Python and Scikit-learn 1.3 and XGBoost 

2.0. If you run the script on the original WDBC CSV, all 

numbers are reported exactly as [6],[3],[4],[15],[5]. 

 

Evaluation Metrics 

Six metrics, including accuracy, precision, recall, F1-score, 

ROC-AUC and confusion matrices, were used to evaluate 

performance. The clinically most important measure was used: 

recall. The consequences of a false negative (a malignant case 

diagnosed as being benign) are significantly greater than those 

of a false positive, which is in line with the literature on 

screening programme design in the clinical setting [7],[11],[17]. 

result and discussion 

 

Comparative Performance 

The complete performance characteristics of all six classifiers 

on the held-out test set are given in Table II. The accuracy and 

ROC-AUC are visualised for direct comparison in Fig. 2. 

 

PERFORMANCE OF ALL SIX MODELS ON THE 

HELD-OUT TEST SET (ALL VALUES %) 

 
Model Acc. Prec. Rec. F1 AUC 

SVM 98.25% 98.61% 98.61% 98.61% 99.37% 

KNN 98.25% 97.30% 100.0% 98.63% 98.35% 

LR 97.37% 97.26% 98.61% 97.93% 99.57% 

RF 95.61% 95.89% 97.22% 96.55% 99.37% 

XGBoost 94.74% 94.59% 97.22% 95.89% 99.44% 

Dec. Tree 92.11% 95.65% 91.67% 93.62% 91.63% 

 

 
 

Accuracy and ROC-AUC comparison across all six classifiers. 
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SVM and KNN performed the best and showed the highest test 

accuracy of 98.25%, followed by Logistic Regression with 

97.37%. This is a well-known fact: kernel-based and instance-

based methods outperform a well-tuned linear model when the 

data is linearly separable [4],[8],[29]. In terms of the ROC-

AUC, performance was high at 99.37% for Random Forest and 

99.44% for XGBoost, but they did not perform well on test 

accuracy. As expected, the Decision Tree performed the worst 

for each of the metrics, as it is known to be sensitive to 

overfitting without ensemble aggregation [18],[30]. These 

results are summarised in Table III and compared to similar 

recent studies. 

 

COMPARISON WITH SELECTED RECENT WDBC 

CLASSIFICATION STUDIES 

 
Study Dataset & Models Best Acc. Year 

Ara et al. [11] 
WBC – SVM, RF, LR, 

KNN 
96.5% 2024 

Wei et al. [12] WDBC – SVM, RF 94.0% 2024 

Al-Duais et al. [7] WDBC – ML + DL ∸98% 2025 

Li [8] Multi-ML precision dx ∶96% 2024 

Panwar et al. [9] WDBC – multi-ML ∶97% 2023 

Lattice Sci. [10] WDBC early detection ∶96% 2025 

Vennela et al. [5] ML stage detection >95% 2024 

This Work 
WDBC – 6 models, 

controlled 
98.25% 2026 

  

Recall and False Negatives 

KNN recorded 100% recall, with no false negatives observed– 

all malignant cases correctly identified. In a screening situation, 

undiagnosed cancer becomes a direct consequence of late 

diagnosis and poor prognosis [1],[26],[27]. However, caution 

should be advised regarding this result: it is based on one 20% 

test partition of 569 instances, which can produce a different 

result when split differently or when tested on other data sets 

[3],[4],[31]. SVM also obtained a high recall of 98.61%. The 

worst false negatives were from Decision Tree, a characteristic 

that has importance for diagnostic use [5],[9]. As expected by 

bagging, the performance of the Random Forest model 

outperformed the performance of the Decision Tree model with 

respect to the recall score (97.22% vs. 91.67%) as variance in 

missed cases is reduced by averaging over multiple trees 

[18],[7],[20]. 

 

Cross-Validation and Statistical Testing 

Both SVM and KNN gave stable accuracy results over the five 

folds of cross-validation. The paired t-test of the accuracy 

scores at the fold level was not significant, with t = 1.322 and 

p = 0.257. This p-value is much larger than the standard 0.05 

and can be interpreted as: Not enough evidence to conclude that 

the two models differ under these conditions: both models are 

equally capable on this dataset/pipeline [3]. This indicates that 

KNN, although simple and interpretable, is a fully justifiable 

alternative to SVM. Overclaiming is increasingly a problem in 

comparative evaluations of MLs, which is addressed by using 

statistical testing in the medical literature [2],[3],[32].  

 

 

ROC-AUC Analysis 

Logistic Regression performed the best with a ROC-AUC of 

99.57%, followed by XGBoost at 99.44%, and the SVM and 

Random Forest models both at 99.37%. The tight grouping of 4 

models within 0.20 percentage points indicates that all 4 models 

discriminated well across the entirety of the threshold space, a 

property that is useful when the operating point is to be 

modified (e.g. changing the operating point, which is reflected 

in the elevation of the recall, is to be done at the cost of 

precision). Decision Tree recorded the lowest ROC-AUC at  

91.63%, a notable drop compared to the other five models. As 

Logistic Regression has the best ROC AUC but the worst 

accuracy, the use of multi-metric evaluations becomes 

important [7],[13],[16]. 

 

Feature Importance 

 

 
Fig. 3 shows the top 5 features detected by Random Forest. 

 

Top-5 predictive features identified by Random Forest (mean 

decrease in impurity). 

Random Forest determined that the five most informative 

features were: worst area, worst concave points, worst radius, 

mean concavity and worst perimeter. The relationship between 

the size and boundary irregularity of the tumour is similar to the 

one described in the literature as the most significant indicators 

of malignancy [5],[20]. Abdulkareem and Abdulazeez [19] and 

Taghiani and Alaee [21] both identified the same features as 

having clinical significance during the SHAP-based analyses. In 

fact, the high KNN recall that is seen here would not be 

possible without the normalisation process of the data in the 

form of standardisation, which is a direct part of the model's 

performance [17],[20]. 

 

Error Analysis 

In all classifiers, the misclassifications occurred at the decision 

boundary between the benign and malignant classes, where 

features derived from the FNA were ambiguous or atypical. 

Ensemble methods were most robust as they have the variance 

reduction mechanism, and the Decision Tree was the most 

affected as it lacks ensemble variance reduction. The results are 

consistent with those from the literature, where ensembles are 

more successful at the ill-defined edges of the domain [18],[30]. 
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Controlled pipeline enables these error patterns to be assigned 

to the model architecture and not to the preprocessing. 

 

limitations 

There are some caveats to consider. Firstly, the evaluation is 

limited to the WDBC dataset (569 instances), which is 

relatively small and highly structured compared to real clinical 

datasets and is likely to systematically overstate the 

performance of classical ML models [4],[31]. Second, the 

dataset is composed of pre-engineered numerical features that 

are extracted from FNA images, which significantly reduces the 

feature extraction problem faced in the real clinical pipeline 

[14],[21],[22],[23]. Third, external validation on an independent 

patient set was not done; there is potential for overfitting on the 

distributional properties of WDBC, and this cannot be excluded 

without cross-dataset validation [3],[31],[32]. Fourth, adaptive 

threshold tuning (which might help recall but not precision) was 

not investigated [13],[16]. Last but not least, methods for 

explaining the prediction process (SHAP, LIME) were not 

included, as there is a consensus that explainability is a 

requirement for clinical adoption [13],[16],[25]. Future work 

should include XAI together with the benchmarking framework 

used here. 

 

CONCLUSION 

This paper investigated six machine learning classifiers for 

breast cancer classification in a strictly standardised way with 

the help of the WDBC dataset. The evaluation is based on the 

same preprocessing, scaling, hyperparameter optimisation, and 

validation process for all models, which ensures that 

algorithmic differences are not confounded by methodological 

differences that were pointed out in the recent literature. SVM 

and KNN gave the best accuracy on the test set with an 

accuracy of 98.25%, and KNN also recorded a perfect Recall 

score. Logistic Regression had the highest ROC-AUC of 

99.57%, and it performed well on all metrics, even though it is 

a simple model. Decision Tree had the lowest results in all 

aspects. The general finding is that simpler supervised 

classifiers are still very effective when the same tasks are 

performed on the same structured medical information, with the 

difference in performance in the literature perhaps due to 

methodological variations rather than to true algorithmic 

differences. More widespread controlled benchmarking of this 

type should be adopted as a standard for medical ML 

comparative studies. 
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