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Abstract 

Breast cancer remains one of the leading causes of cancer-related mortality among women worldwide, making early and accurate diagnosis 

essential for improving survival rates and treatment outcomes. To address limitations associated with conventional diagnostic methods, Machine 

Learning (ML) techniques have been increasingly adopted to enhance classification accuracy and reduce diagnostic variability. This study 

presents a comparative evaluation of four widely used ML algorithms Random Forest, Support Vector Machine (SVM), K-Nearest Neighbors 

(KNN), and Logistic Regression applied to a structured breast cancer diagnostic dataset. The dataset comprises morphological and texture-based 

features extracted from digitized tumor samples, enabling binary classification of benign and malignant cases. The models were trained using an 

80:20 train–test split and validated through k-fold cross-validation. Performance evaluation was conducted using accuracy, precision, recall, F1-

score, and confusion matrix analysis to ensure comprehensive assessment of classification behavior. Experimental results indicate strong 

predictive performance across all models, with overall accuracy values ranging from 0.95 to 0.96. Among the evaluated approaches, Random 

Forest demonstrated the most balanced performance, particularly achieving the highest recall for malignant tumors and the lowest false-negative 

rate, which is critical in clinical diagnostics. Feature importance analysis further revealed that tumor area, concave points, radius, and perimeter 

were the most influential predictors in classification decisions, consistent with established clinical indicators of malignancy. These findings 

confirm that classical and interpretable machine learning algorithms, especially ensemble-based methods, remain highly effective for structured 

breast cancer classification tasks. The study contributes to the advancement of reliable and transparent ML-based decision-support systems, 

supporting improved early detection and diagnostic accuracy in breast cancer care. 
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1. Introduction  

Breast cancer remains one of the most prevalent and deadly diseases among women worldwide, with approximately 

2.3 million new cases and over 685,000 deaths reported in 2020 [1], [2]. Early detection is crucial for improving 

survival rates and treatment outcomes. However, many cases are still diagnosed at advanced stages due to limited 

awareness, inadequate access to screening, and socio-cultural barriers [3]. Although strategies such as Breast Self-

Examination (BSE) have demonstrated effectiveness in promoting early detection behaviors, knowledge gaps regarding 

routine screening persist among many women [4]. Strengthening educational initiatives and improving diagnostic 

technologies are therefore essential to reduce mortality and improve patient prognosis. 

Conventional breast cancer detection methods, including mammography and ultrasound imaging, rely heavily on 

subjective interpretation by radiologists. This subjectivity may result in diagnostic variability, false positives, or false 

negatives, potentially leading to delayed treatment or unnecessary psychological distress [5]. Moreover, manual 

diagnostic procedures are time-consuming and highly dependent on individual expertise, which may limit consistency 

across healthcare settings [6]. These limitations highlight the need for automated, data-driven approaches capable of 

improving diagnostic accuracy and efficiency. 
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In recent years, the application of Machine Learning (ML) has significantly transformed medical diagnostics, 

particularly in cancer detection. ML algorithms are capable of analyzing complex medical data, identifying subtle 

patterns, and producing reliable classifications with reduced human bias [7]. Various studies have demonstrated the 

effectiveness of ML techniques in distinguishing between benign and malignant tumors, showing promising results in 

improving predictive accuracy [8]. However, comparative evaluations of classical machine learning classifiers on 

structured diagnostic datasets remain important to determine the most effective and computationally efficient approach 

for clinical support systems. 

This study focuses specifically on four widely used and interpretable machine learning algorithms: Random Forest, K-

Nearest Neighbors (KNN), Support Vector Machine (SVM), and Logistic Regression. These algorithms were selected 

due to their strong theoretical foundations, proven effectiveness in classification tasks, and suitability for structured 

medical datasets. Random Forest offers robustness through ensemble learning and feature importance analysis; KNN 

provides instance-based classification using distance metrics; SVM constructs optimal decision boundaries in high-

dimensional spaces; and Logistic Regression serves as a statistical baseline model with strong interpretability. By 

comparing these four algorithms, this research aims to identify the most effective method for classifying breast cancer 

tumors as benign or malignant using diagnostic feature data. 

The primary objective of this study is therefore to conduct a comparative performance evaluation of Random Forest, 

KNN, SVM, and Logistic Regression in breast cancer tumor classification. By systematically assessing accuracy, 

precision, recall, and F1-score, this research seeks to determine which algorithm provides the most reliable diagnostic 

performance. Ultimately, the findings are expected to contribute to improving early breast cancer detection through 

evidence-based integration of machine learning techniques, supporting more accurate, efficient, and objective 

diagnostic practices in oncology. 

2. Literature Review 

2.1. Breast Cancer Detection 

Early detection of breast cancer is a critical determinant of survival rates and treatment success. As one of the most 

commonly diagnosed cancers among women worldwide, breast cancer continues to pose a significant public health 

challenge, with early-stage identification substantially improving prognosis and reducing treatment complexity [9]. 

Conventional diagnostic methods such as mammography, ultrasound, Magnetic Resonance Imaging (MRI), and 

Computed Tomography (CT) play essential roles in screening and tumor evaluation. Mammography remains the 

standard screening modality but shows reduced sensitivity in dense breast tissue and involves radiation exposure [10]. 

Ultrasound serves as a complementary tool, particularly for dense breasts, yet its performance is highly operator-

dependent [11]. MRI provides high sensitivity but is costly and may produce false positives, while CT and PET imaging 

are primarily used for staging rather than early detection [12]. These limitations including variability in sensitivity and 

specificity, operator dependence, false-positive outcomes, and accessibility constraints underscore the need for more 

objective and efficient diagnostic approaches. 

In response to these challenges, ML techniques have emerged as powerful tools for enhancing breast cancer detection 

and classification. ML algorithms enable the analysis of complex medical data, including imaging and structured 

diagnostic features, thereby reducing human bias and improving predictive accuracy [13]. Ensemble and classification-

based models have demonstrated promising performance in distinguishing benign from malignant tumors, particularly 

when effective feature selection strategies are applied [14]. Computer-aided diagnostic systems powered by ML further 

support clinical decision-making by improving consistency and reducing diagnostic variability. Despite the growing 

use of deep learning in imaging-based detection, there remains a need for systematic comparative evaluation of classical 

and interpretable machine learning algorithms on structured diagnostic datasets. Models such as Random Forest, KNN, 

SVM, and Logistic Regression offer strong theoretical foundations, computational efficiency, and explain ability, 

making them suitable candidates for clinical decision-support systems. Therefore, evaluating and comparing these 

algorithms is essential to determine the most reliable and practical approach for breast cancer tumor classification and 

to strengthen the integration of ML into early detection strategies. 
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2.2. Machine Learning Algorithms for Cancer Classification 

Several machine learning algorithms have been widely applied in breast cancer classification to distinguish benign 

from malignant tumors, including SVM, Random Forest, KNN, and Logistic Regression. SVM is particularly effective 

in high-dimensional datasets and constructs optimal hyperplanes to separate classes, demonstrating strong classification 

performance in complex medical data [15], [16]. However, its effectiveness depends on appropriate kernel selection 

and parameter tuning, which may complicate implementation. Random Forest, an ensemble-based learning method, 

aggregates multiple decision trees to enhance robustness and reduce overfitting, frequently outperforming other 

classifiers in noisy and high-dimensional datasets [6], [17]. Additionally, its ability to provide feature importance 

supports interpretability in clinical decision-making. KNN, a simple instance-based algorithm, classifies samples based 

on proximity in feature space and has shown competitive performance in tumor classification [17], [18]. Nevertheless, 

it becomes computationally expensive during prediction and is sensitive to high dimensionality. Logistic Regression is 

commonly employed as a benchmark model due to its simplicity, probabilistic output, and interpretability [15], [18], 

[19]. Although it assumes linear relationships between predictors and outcomes, it remains valuable in clinical contexts 

where transparency and computational efficiency are essential. 

Comparative analyses in previous studies reveal trade-offs among these algorithms in terms of accuracy, 

interpretability, and computational cost. Random Forest often achieves superior predictive performance across multiple 

evaluation metrics, while SVM performs well in high-dimensional feature spaces [6], [15]. KNN provides simplicity 

but may struggle with scalability, and Logistic Regression serves as a reliable baseline for performance comparison 

[18], [19]. Therefore, selecting the most appropriate model depends on dataset characteristics, feature complexity, and 

the balance between predictive accuracy and interpretability required in breast cancer diagnostic systems. 

2.3. Feature Selection in Breast Cancer Classification 

Feature selection is a fundamental step in machine learning that aims to identify the most relevant variables from a 

larger set of features to improve predictive performance and model efficiency [20]. In cancer detection, effective feature 

selection significantly enhances classification accuracy while reducing computational complexity and minimizing the 

risk of overfitting [21]. By reducing dimensionality, models become more generalized and perform better on unseen 

data, as irrelevant or noisy variables are eliminated [22]. Moreover, selecting a smaller subset of meaningful features 

improves interpretability, which is crucial in healthcare contexts where clinicians must understand and justify 

diagnostic decisions [23]. In addition, reduced feature space leads to shorter training times and faster model 

deployment, an important factor in time-sensitive clinical environments [24]. 

In breast cancer detection, several diagnostic features have been consistently identified as highly indicative of 

malignancy. Tumor radius and perimeter are strongly associated with tumor size and boundary irregularity, both of 

which correlate with malignant behavior [9], [25]. Texture features capture variations in pixel intensity and structural 

heterogeneity, providing essential information for differentiating benign and malignant growths [26]. Tumor area is 

similarly significant, as larger surface areas are often linked to aggressive cancer types [7], [9]. Additional 

morphological descriptors such as smoothness, compactness, and symmetry further contribute to classification 

performance by reflecting tumor shape and structural consistency [24], [27]. 

Comparative studies emphasize the substantial impact of feature selection on model effectiveness. Random Forest 

models incorporating selected features have demonstrated improved predictive accuracy by eliminating redundant 

variables [28]. Similarly, SVM classifiers trained on carefully selected features have shown superior performance 

compared to models using the full feature set [15]. Logistic Regression, often employed as a baseline model, is 

particularly sensitive to feature selection, with performance improvements observed when relevant predictors are 

properly chosen [21], [22]. Overall, the integration of effective feature selection techniques enhances the accuracy, 

interpretability, and efficiency of machine learning models in breast cancer classification, thereby supporting more 

reliable early diagnosis and improved patient care. 

2.4. Challenges in Using Machine Learning Models 

Although ML models have demonstrated strong potential in breast cancer diagnosis, several critical challenges limit 

their clinical reliability and applicability. One major issue concerns data quality, as medical datasets often contain 
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noise, missing values, and inconsistencies that can distort learning processes and reduce model generalizability [29], 

[30]. When training data fail to accurately represent the broader patient population, predictive outcomes may become 

biased, increasing the risk of misdiagnosis. Class imbalance is another prevalent challenge in healthcare datasets, where 

benign cases frequently outnumber malignant ones, leading algorithms to favor the majority class and reduce sensitivity 

in detecting critical minority outcomes [31]. Although resampling techniques such as Synthetic Minority Over-

sampling Technique (SMOTE) have been proposed to mitigate imbalance, they may introduce overfitting or generate 

ambiguous synthetic samples [29], [32]. 

Generalization capability also remains a concern, as complex models may overfit training data and fail to perform 

consistently on unseen datasets or diverse patient populations [33]. Beyond technical limitations, ethical considerations 

play a crucial role in ML-based healthcare applications. Algorithmic bias resulting from unrepresentative training data 

can produce inequitable outcomes across demographic groups [34]. Furthermore, the limited interpretability of certain 

ML models complicates clinical trust and decision justification [35], while concerns regarding patient data privacy 

must be carefully managed during model development and deployment. Collectively, these challenges underscore the 

need for robust data preprocessing, balanced training strategies, rigorous validation, and transparent modeling 

approaches to ensure safe and reliable integration of ML systems into breast cancer diagnostics. 

3. Methodology  

3.1. Data Collection  

This study utilizes the Breast Cancer Diagnostic Dataset, a widely used benchmark dataset for tumor classification 

research. The dataset contains diagnostic measurements derived from digitized images of Fine Needle Aspirate (FNA) 

of breast masses. Each record represents a tumor sample labeled as either benign or malignant, enabling binary 

classification analysis. The dataset is structured and numerical, making it suitable for evaluating classical machine 

learning algorithms such as Random Forest, KNN, SVM, and Logistic Regression. 

The dataset consists of multiple quantitative features computed from cell nuclei characteristics. These features include 

morphological and texture-based measurements such as Mean Radius, Mean Texture, Mean Perimeter, Mean Area, 

Mean Smoothness, Mean Compactness, Mean Concavity, Mean Concave Points, Mean Symmetry, and Mean Fractal 

Dimension. In addition to mean values, the dataset also provides corresponding standard error and worst (maximum) 

values for each characteristic, resulting in a comprehensive representation of tumor geometry and structural 

irregularity. Such features capture critical information related to tumor size, shape, boundary irregularity, and internal 

structure, all of which are clinically relevant indicators of malignancy. The combination of these statistical descriptors 

provides a robust foundation for training and evaluating classification models in breast cancer diagnosis research. 

3.2. Data Preprocessing 

Data preprocessing was conducted to ensure data quality, consistency, and suitability for machine learning modeling. 

The initial step involved removing non-informative attributes, specifically the ID column, as it serves only as a unique 

identifier and does not contribute to predictive learning. Retaining such attributes may introduce noise without 

improving model performance. 

Next, the dataset was examined for missing values and inconsistencies. A completeness check confirmed that no 

missing values were present, eliminating the need for imputation techniques. However, data validation procedures were 

performed to ensure numerical consistency and proper formatting of all feature variables. Ensuring data integrity at 

this stage is critical, as poor data quality can negatively affect model generalization and predictive reliability. 

The target variable, Diagnosis, originally labeled as categorical values (“Benign” and “Malignant”), was transformed 

into numerical format to facilitate algorithmic processing. Binary encoding was applied, where malignant tumors were 

assigned a value of 1 and benign tumors were assigned a value of 0. This transformation enables compatibility with 

classification algorithms such as Random Forest, KNN, SVM, and Logistic Regression. 

Additionally, feature scaling was applied to standardize the input variables, particularly for distance-based and margin-

based algorithms such as KNN and SVM, which are sensitive to differences in feature magnitude. Standardization 
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ensures that all features contribute proportionally during model training and prevents bias toward variables with larger 

numerical ranges. 

Through these preprocessing steps removal of irrelevant attributes, validation of data integrity, label encoding, and 

feature scaling the dataset was prepared to ensure robust and reliable model training and evaluation. 

3.3. Machine Learning Algorithms for Cancer Classification 

In breast cancer diagnostics, several machine learning algorithms have demonstrated strong performance in classifying 

tumors as benign or malignant, including Random Forest, SVM, KNN, and Logistic Regression. These algorithms 

were selected due to their complementary strengths in predictive accuracy, robustness, interpretability, and suitability 

for structured medical datasets. 

Random Forest is an ensemble learning method that aggregates multiple decision trees constructed from random 

subsets of training samples and features [36]. The final prediction is obtained through majority voting: 

𝑦̂ = mode{𝑇1(𝑥), 𝑇2(𝑥), . . . , 𝑇𝑛(𝑥)} (1) 

where 𝑇𝑖(𝑥) represents the prediction from the 𝑖-th decision tree. Random Forest is widely recognized for reducing 

variance and overfitting while maintaining high predictive performance [37]. Additionally, it provides feature 

importance measures, supporting clinical interpretability [38]. 

SVM constructs an optimal separating hyperplane by maximizing the margin between classes [38]. The decision 

boundary is defined as: 

𝑓(𝑥) = 𝑤𝑇𝑥 + 𝑏 (2) 

where 𝑤is the weight vector and 𝑏 is the bias term. The optimization objective is: 

min 
𝑤,𝑏

1

2
∣∣ 𝑤 ∣∣2 (3) 

subject to: 

𝑦𝑖(𝑤𝑇𝑥𝑖 + 𝑏) ≥ 1 (4) 

SVM performs particularly well in high-dimensional feature spaces and is robust to overfitting through margin 

maximization. 

KNN is a distance-based, instance-based learning algorithm that classifies a new sample based on the majority class 

among its 𝑘nearest neighbors [37]. Using Euclidean distance, the metric is defined as: 

𝑑(𝑥𝑖 , 𝑥𝑗) = √∑(

𝑛

𝑘=1

𝑥𝑖𝑘 − 𝑥𝑗𝑘)2 (5) 

KNN is simple and intuitive, making it a valuable benchmark model [38]. However, it is sensitive to high 

dimensionality and computationally expensive during prediction. 

Logistic Regression is a probabilistic binary classifier that models the log-odds of class membership as a linear 

combination of features [38]. The logistic function is defined as: 

𝑃(𝑦 = 1 ∣ 𝑥) =
1

1 + 𝑒−(𝛽0+𝛽𝑇𝑥)
 (6) 

where 𝛽 represents model coefficients. Logistic Regression is highly interpretable and frequently used as a baseline 

model in medical studies. 

Comparative studies indicate that Random Forest and SVM typically achieve superior accuracy, particularly in high-

dimensional datasets [37], [38]. Random Forest has reported accuracy up to 98.83%, followed by SVM at 
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approximately 97.5%. KNN often achieves competitive but slightly lower performance (around 90%), while Logistic 

Regression serves as a reliable and interpretable baseline, commonly reaching around 93% accuracy. 

Overall, the selection of these four algorithms is justified by their demonstrated robustness, theoretical diversity, and 

complementary strengths in handling structured breast cancer diagnostic data. Their comparative evaluation provides 

a balanced assessment between predictive performance and clinical interpretability. 

3.5. Model Training and Evaluation 

To ensure reliable performance assessment, the dataset was divided into training and testing subsets using an 80:20 

ratio, where 80% of the data were used for model training and 20% for independent testing. This split enables the 

evaluation of model generalization on unseen data. The training set was used to learn model parameters for Random 

Forest, SVM, KNN, and Logistic Regression, while the testing set was reserved exclusively for performance validation. 

In addition to the hold-out method, k-fold cross-validation was applied during training to enhance robustness and 

reduce variance in performance estimation. In k-fold cross-validation, the dataset is partitioned into kequal subsets, 

and the model is trained and validated iteratively such that each subset serves as validation data once. The final 

performance is computed as the average across all folds: 

CV Score =
1

𝑘
∑ 𝑆𝑐𝑜𝑟

𝑘

𝑖=1

𝑒𝑖 (7) 

Model performance was evaluated using standard classification metrics derived from the confusion matrix, which 

consists of True Positives (TP), True Negatives (TN), False Positives (FP), and False Negatives (FN). From these 

values, several evaluation metrics were calculated: 

Accuracy, representing overall correctness: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (8) 

Precision, measuring the proportion of correctly predicted positive cases: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (9) 

Recall (Sensitivity), indicating the model’s ability to correctly identify malignant cases: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (10) 

F1-Score, the harmonic mean of precision and recall: 

𝐹1 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (11) 

The confusion matrix was further analyzed to assess classification distribution and misclassification patterns, 

particularly focusing on false negatives, which are critical in medical diagnostics. By combining cross-validation with 

multiple evaluation metrics, the study ensures a comprehensive assessment of model robustness, predictive reliability, 

and clinical applicability. 

3.6. Tools and Frameworks for Breast Cancer Detection Using Machine Learning 

The implementation of machine learning models for breast cancer detection relies on several widely adopted 

programming tools and frameworks that support data processing, model development, and evaluation. Among these, 

Python has emerged as a dominant programming language in data science due to its readability, flexibility, and 

extensive ecosystem of libraries. Core libraries such as NumPy and Pandas facilitate efficient numerical computation 

and structured data manipulation, while Matplotlib and Seaborn enable comprehensive visualization of patterns and 

model outputs. Most importantly, Scikit-learn provides optimized implementations of classification algorithms 

including Random Forest, SVM, KNN, and Logistic Regression, along with built-in utilities for preprocessing, feature 
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selection, and cross-validation [36]. Python’s strong community support and seamless integration with advanced 

frameworks further enhance its suitability for medical machine learning research [39]. 

Scikit-learn, in particular, plays a central role in structured breast cancer classification tasks. Its standardized API 

design simplifies model training, evaluation, and hyperparameter tuning, while its cross-validation and pipeline 

features enable reproducible and efficient workflows. The library’s optimized implementations ensure reliable 

performance even with moderately large datasets, making it suitable for structured diagnostic datasets. 

For deep learning applications, especially image-based classification, TensorFlow and Keras provide scalable and 

flexible frameworks for building neural networks. These frameworks support Convolutional Neural Networks (CNNs) 

and other advanced architectures increasingly used in medical imaging tasks [40]. TensorFlow’s scalability allows 

deployment across various hardware configurations, from local machines to cloud environments, while Keras offers 

high-level abstractions that simplify neural network construction [41]. 

Additionally, R remains relevant in medical research due to its strong statistical capabilities. Packages such as caret 

and randomForest support predictive modeling, feature selection, and model validation, while visualization libraries 

like ggplot2 enhance exploratory data analysis [42]. R is particularly advantageous when statistical interpretability and 

rigorous hypothesis testing are required 

4. Results  

4.1. Model Performance 

The evaluation metrics include accuracy, precision, recall, F1-score, as well as macro and weighted averages derived 

from the confusion matrix. The detailed results are summarized in Table 1. 

Table 1. Performance Comparison of Machine Learning Models 

Model Accuracy 
Precision 

(Malignant) 

Recall 

(Malignant) 

F1-Score 

(Malignant) 

Macro 

Avg F1 

Weighted 

Avg F1 

Random Forest 0.96 0.98 0.93 0.95 0.96 0.96 

Support Vector 

Machine 
0.95 1.00 0.86 0.93 0.94 0.95 

K-Nearest 

Neighbors 
0.96 1.00 0.88 0.94 0.95 0.96 

Logistic 

Regression 
0.96 0.97 0.91 0.94 0.95 0.96 

As shown in Table 1, all models achieved strong predictive performance, with accuracy values ranging from 0.95 to 

0.96. Random Forest achieved an overall accuracy of 0.96, with a precision of 0.98 and recall of 0.93 for the malignant 

class, resulting in an F1-score of 0.95. The macro-average and weighted-average F1-scores were both 0.96, indicating 

stable classification performance across both classes. 

The SVM model achieved an accuracy of 0.95. It obtained a perfect precision score of 1.00 for malignant tumors, 

indicating no false positive predictions. However, its recall was slightly lower at 0.86, suggesting that some malignant 

cases were misclassified as benign. The F1-score for malignant classification was 0.93, with a weighted-average F1-

score of 0.95. 

KNN demonstrated comparable performance, achieving an accuracy of 0.96. Similar to SVM, KNN achieved a 

precision of 1.00 for malignant cases, while recall reached 0.88. The F1-score for malignant classification was 0.94, 

and the weighted-average F1-score was 0.96. Although competitive, the slightly lower recall compared to Random 

Forest indicates a marginally higher false-negative rate. 

Logistic Regression also achieved an overall accuracy of 0.96. The model produced a precision of 0.97 and recall of 

0.91 for malignant tumors, resulting in an F1-score of 0.94. Both macro-average and weighted-average F1-scores were 

0.95 and 0.96, respectively, demonstrating consistent performance despite the model’s simpler linear structure. 
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From a clinical standpoint, recall (sensitivity) for the malignant class is particularly critical, as false negatives may 

delay treatment. Among the evaluated models, Random Forest achieved the highest recall (0.93) for malignant 

detection, indicating a stronger ability to correctly identify cancerous cases. While SVM and KNN achieved perfect 

precision, their lower recall values suggest a more conservative classification behavior. 

Overall, the results indicate that although all models performed well, Random Forest demonstrated the most balanced 

performance across evaluation metrics, making it a robust candidate for structured breast cancer diagnostic 

classification. 

4.2. Confusion Matrix 

To provide a detailed evaluation of classification behavior, the confusion matrices of each model were analyzed to 

examine the distribution of correct and incorrect predictions for both benign and malignant classes. The confusion 

matrix offers granular insight into True Positives (TP), True Negatives (TN), False Positives (FP), and False Negatives 

(FN), which are critically important in medical diagnostic applications.  

 

Figure 1. Confusion Matrix of Random Forest Model 

As shown in Figure 1, the Random Forest model correctly classified 70 benign cases (TN = 70) and 40 malignant cases 

(TP = 40). Only 1 benign case was incorrectly predicted as malignant (FP = 1), while 3 malignant cases were 

misclassified as benign (FN = 3). The relatively low number of false negatives demonstrates strong sensitivity, which 

is particularly crucial in breast cancer diagnosis where missed malignant cases may delay treatment. 
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Figure 2. Confusion Matrix of SVM Model 

In Figure 2, the SVM model correctly classified all benign cases (TN = 71) with zero false positives (FP = 0), indicating 

perfect specificity for the benign class. However, it misclassified 6 malignant cases as benign (FN = 6), correctly 

identifying 37 malignant cases (TP = 37). Although SVM achieved excellent precision for malignant predictions, the 

higher number of false negatives suggests slightly lower sensitivity compared to Random Forest. 

 

Figure 3. Confusion Matrix of KNN Model 

Similarly, the KNN confusion matrix shown in Figure 3 indicates that all benign cases were correctly identified (TN = 

71, FP = 0). The model correctly detected 38 malignant cases (TP = 38) but misclassified 5 malignant cases as benign 

(FN = 5). While KNN demonstrated strong specificity, its false-negative count remained higher than that of Random 

Forest, reflecting a moderate sensitivity gap. 
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The Logistic Regression confusion matrix presented in Figure 4 shows 70 correctly classified benign cases (TN = 70) 

and 39 correctly identified malignant cases (TP = 39). The model produced 1 false positive (FP = 1) and 4 false 

negatives (FN = 4), reflecting balanced classification behavior between sensitivity and specificity. 

 

Figure 4. Confusion Matrix of Logistic Regression Model 

From a clinical perspective, minimizing false negatives is paramount because classifying malignant tumors as benign 

poses a direct risk to patient safety. Among the evaluated models, Random Forest produced the lowest number of false 

negatives (FN = 3), followed by Logistic Regression (FN = 4), KNN (FN = 5), and SVM (FN = 6). Although SVM 

and KNN achieved perfect specificity (no false positives), their higher false-negative rates indicate a more conservative 

classification tendency. 

Overall, the confusion matrix analysis confirms that while all models demonstrate high diagnostic capability, Random 

Forest provides the most balanced performance by maintaining both high sensitivity and high specificity. This balance 

enhances its suitability as a reliable decision-support model for structured breast cancer diagnostic data. 

4.3. Comparative Analysis 

This section presents a comparative evaluation of the four machine learning algorithms Random Forest, SVM, KNN, 

and Logistic Regression based on accuracy, precision, recall, F1-score, and confusion matrix analysis. The objective 

is to determine which model performs most effectively in identifying malignant and benign tumors. 

In terms of overall accuracy, Random Forest, KNN, and Logistic Regression achieved the highest performance (0.96), 

while SVM followed closely with 0.95. Although the difference in accuracy is marginal, further analysis using class-

specific metrics reveals meaningful distinctions in clinical relevance. 

When focusing on the malignant class, which is the most critical category in breast cancer diagnosis, Random Forest 

achieved the highest recall (0.93), followed by Logistic Regression (0.91), KNN (0.88), and SVM (0.86). Recall 

(sensitivity) measures the model’s ability to correctly identify malignant tumors, and higher recall reduces the 

likelihood of false negatives. Since false negatives represent missed cancer cases, Random Forest demonstrated 

superior performance in identifying malignant tumors. 

Regarding precision for malignant cases, SVM and KNN achieved perfect precision (1.00), meaning they did not 

incorrectly classify benign tumors as malignant. Random Forest and Logistic Regression also showed high precision 

values (0.98 and 0.97, respectively). While high precision is desirable to minimize false alarms, in medical diagnostics, 
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recall is often considered more critical than precision because missing a malignant case poses greater risk than a false 

positive. 

The F1-score, which balances precision and recall, further supports Random Forest as the most stable model, achieving 

the highest malignant F1-score (0.95). Logistic Regression and KNN both achieved 0.94, while SVM achieved 0.93. 

Additionally, macro and weighted average F1-scores indicate that Random Forest maintains consistent performance 

across both benign and malignant classes. 

In terms of benign tumor classification, SVM and KNN achieved perfect specificity (no false positives), correctly 

identifying all benign cases. Random Forest and Logistic Regression each misclassified one benign case as malignant, 

resulting in slightly lower specificity but maintaining better balance overall. 

From a clinical standpoint, minimizing false negatives (malignant tumors classified as benign) is paramount. Random 

Forest produced the lowest number of false negatives (3 cases), followed by Logistic Regression (4), KNN (5), and 

SVM (6). Therefore, despite similar overall accuracy across models, Random Forest demonstrated the most favorable 

balance between sensitivity and specificity. 

Overall, while all four algorithms performed strongly, Random Forest provided the most balanced and clinically 

reliable classification performance, particularly in identifying malignant tumors. This suggests that ensemble-based 

approaches may offer superior robustness and generalization capability for structured breast cancer diagnostic data. 

4.4. Feature Importance 

To further investigate the contribution of individual diagnostic variables to the classification decision, feature 

importance analysis was conducted. For the Random Forest model, feature importance was computed based on the 

average decrease in impurity across all decision trees. The resulting importance ranking is illustrated in Figure 5. 

 

Figure 5. Random Forest Feature Importance 

As shown in Figure 5, Worst Area emerged as the most influential feature in the Random Forest model, indicating that 

the maximum recorded tumor area significantly contributes to distinguishing malignant from benign cases. This is 

followed by Worst Concave Points and Mean Concave Points, emphasizing that tumor boundary irregularity plays a 

central role in malignancy prediction. Features related to tumor size and geometry, including Worst Radius, Mean 

Concavity, Worst Perimeter, and Mean Perimeter, also demonstrated high importance scores. These findings are 

clinically meaningful, as malignant tumors typically exhibit larger size and more irregular structural patterns. 
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In contrast, features such as Mean Symmetry, Mean Fractal Dimension, and several standard error (SE) attributes 

showed relatively lower importance values, suggesting that while they contribute to the model, their impact on 

classification is comparatively limited. 

For comparative interpretability, Logistic Regression coefficients were also analyzed, as depicted in Figure 6. Unlike 

Random Forest, Logistic Regression assigns signed coefficients that indicate the direction and magnitude of influence 

for each feature. As shown in Figure 6, features such as Worst Concavity, Worst Compactness, and Worst Symmetry 

exhibited the largest positive coefficients, indicating a strong association with malignant classification. Conversely, 

features such as Texture SE and Mean Radius displayed strong negative coefficients, suggesting inverse contributions 

within the linear decision boundary. While Logistic Regression provides clearer interpretability due to its linear 

formulation, it does not capture nonlinear feature interactions as effectively as Random Forest. 

 

Figure 6. Logistic Regression Feature Importance 

Overall, the feature importance analysis presented in Figure 5 and Figure 6 demonstrates that tumor size (area, radius, 

perimeter) and boundary irregularity (concave points, concavity, compactness) are the most decisive predictors in 

breast cancer classification. These results are consistent with established oncological knowledge and further reinforce 

the robustness and interpretability of the Random Forest model as a clinically relevant diagnostic support tool. 

5. Discussion 

The experimental results indicate that all four evaluated models Random Forest, SVM, KNN, and Logistic Regression 

achieved strong classification performance, with accuracy ranging from 0.95 to 0.96. These findings confirm that 

structured morphological features provide substantial discriminative power for benign–malignant tumor classification. 

Among the models, Random Forest demonstrated the most balanced performance, particularly achieving the highest 

recall for malignant tumors and the lowest false-negative rate. Given that minimizing false negatives is critical in cancer 

diagnostics, this suggests that ensemble learning effectively captures nonlinear interactions among tumor features. 

SVM achieved perfect precision for malignant cases but exhibited lower recall, indicating a more conservative decision 

boundary. KNN performed competitively but showed slightly higher sensitivity to false negatives, likely due to its 

distance-based mechanism in high-dimensional spaces. Logistic Regression achieved comparable overall accuracy, 

suggesting partial linear separability of the dataset, though its linear structure limits modeling of complex feature 

interactions. Overall, ensemble-based approaches appear more robust for structured breast cancer datasets. 
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These findings are consistent with prior studies reporting the effectiveness of machine learning in addressing limitations 

of conventional imaging modalities, including variability in sensitivity, operator dependency, and accessibility 

constraints [11], [12]. ML techniques have been shown to improve predictive accuracy and reduce diagnostic variability 

[13], which is supported by the high accuracy achieved in this study. 

The superior performance of Random Forest aligns with previous evidence highlighting the strength of ensemble 

methods in high-dimensional medical datasets [6], [17]. Similarly, SVM’s competitive results reflect its established 

effectiveness in structured classification tasks [15]. The importance of morphological features such as tumor area, 

radius, and concavity identified in this study further corroborates earlier research emphasizing their clinical relevance 

[13]. The observed sensitivity–specificity trade-offs also reflect known challenges in medical ML applications, 

including class imbalance and generalization issues [31]. 

Several limitations should be acknowledged. The dataset represents a structured and controlled environment, which 

may not fully reflect real-world clinical variability. Moderate class imbalance may influence sensitivity–precision 

trade-offs. The study focused exclusively on classical ML algorithms applied to structured features, without 

incorporating imaging-based deep learning models. Additionally, external validation using multi-center datasets was 

not performed, limiting broader clinical generalizability. 

The results demonstrate the feasibility of integrating machine learning-based decision-support systems into breast 

cancer screening workflows. In particular, models with high malignant recall, such as Random Forest, can function as 

early warning tools to reduce missed cancer diagnoses. Feature importance analysis enhances interpretability, 

strengthening clinician trust. Moreover, structured ML models require relatively low computational resources, making 

them suitable for implementation in resource-limited healthcare settings. 

Future research should explore deep learning approaches, particularly CNN-based models for imaging datasets, and 

hybrid models combining structured and imaging features. Expanding datasets to include multi-center and 

demographically diverse populations would improve robustness. Incorporating advanced feature selection, imbalance-

handling strategies, and explainable AI techniques such as SHAP or LIME may further enhance transparency and 

clinical adoption. 

6. Conclusion 

This study provides a comprehensive comparative analysis of four widely used machine learning algorithms Random 

Forest, SVM, KNN, and Logistic Regression for structured breast cancer tumor classification. The empirical results 

demonstrate consistently high predictive performance across models, with accuracy values reaching up to 0.96. Among 

the evaluated approaches, Random Forest achieved the most balanced and clinically favorable performance, 

particularly in terms of malignant tumor recall and minimized false-negative predictions. Given that missed malignant 

cases pose the greatest diagnostic risk, this finding underscores the superiority of ensemble-based approaches in 

structured medical datasets. 

Beyond predictive performance, this research reinforces the importance of interpretable and computationally efficient 

models in clinical environments. While deep learning models dominate image-based detection research, the results 

confirm that classical machine learning algorithms remain highly effective for structured diagnostic data. The feature 

importance analysis further highlights the critical role of tumor morphology specifically area, concavity, radius, and 

perimeter in malignant classification, aligning computational findings with established oncological knowledge. By 

combining performance evaluation, interpretability analysis, and robust validation, this study contributes to the 

development of reliable and transparent machine learning-based decision-support systems in breast cancer diagnostics. 

Future research should extend this work by integrating deep learning models for imaging-based datasets, exploring 

hybrid approaches that combine structured and image-derived features, and validating models across larger, multi-

center, and demographically diverse datasets. Additionally, incorporating explainable AI techniques and advanced 

imbalance-handling strategies will further strengthen clinical applicability and trust. Ultimately, the integration of 

robust and interpretable machine learning models into early breast cancer detection workflows holds significant 

promise for improving diagnostic accuracy, reducing clinical burden, and enhancing patient outcomes. 
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