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Abstract 

Breast cancer remains one of the leading causes of cancer-related mortality among women worldwide, underscoring 

the urgent need for early, accurate, and reliable diagnostic support systems. This study proposes an optimized breast 

cancer classification framework using Support Vector Machine (SVM) and Random Forest (RF) models enhanced 

through hybrid hyperparameter tuning and feature selection. The Breast Cancer Wisconsin (Diagnostic) dataset, 

comprising 569 samples with 30 numerical features derived from Fine Needle Aspirate (FNA) examinations, was 

utilized in this research. Feature selection was conducted using Random Forest feature importance to identify the 

most relevant diagnostic attributes and reduce dimensionality. Hybrid hyperparameter tuning was implemented using 

GridSearchCV combined with 5-fold cross-validation to obtain optimal model configurations. Model performance 

was evaluated using accuracy, malignant-class recall, confusion matrix analysis, and Receiver Operating 

Characteristic–Area Under the Curve (ROC–AUC). Experimental results show that the optimized SVM model 

achieved significant improvements in accuracy, recall, and ROC–AUC compared to baseline models, indicating 

enhanced sensitivity and discrimination capability, while the Random Forest model maintained stable performance 

with marginal gains after optimization. These findings highlight the critical importance of systematic optimization 

strategies in improving diagnostic safety and reducing false negatives, thereby contributing to the development of 

more reliable and clinically applicable machine learning-based medical decision support systems. 
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1. INTRODUCTION 

Cancer remains one of the most critical global health challenges and continues to be a leading 

cause of death worldwide. Among various cancer types, breast cancer is the most frequently diagnosed 

cancer in women, with incidence and mortality rates continuing to increase annually [1], [2]. Early and 

accurate diagnosis is essential to improve survival rates; however, detecting breast cancer at an early 

stage remains challenging because clinical symptoms are often subtle and not clearly observable. 

Recent advances in Artificial Intelligence (AI), particularly in machine learning and deep 

learning, have significantly transformed medical diagnostics [3], [4]. AI-based approaches are capable 

of analyzing large and complex medical datasets and identifying hidden patterns that are difficult to 

detect using conventional methods [5], [6]. In oncology, these techniques have been applied to medical 

imaging, clinical records, and molecular data to support cancer detection, prognosis prediction, and 

clinical decision-making [7], [8]. Although deep learning methods dominate medical image analysis 

research [9], classical machine learning algorithms remain highly relevant for structured tabular datasets 

with numerical features and moderate sample sizes [10], [11]. 

Among classical approaches, Support Vector Machine (SVM) and Random Forest (RF) are 

widely adopted due to their robustness and strong classification capabilities. SVM is effective in 
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constructing non-linear decision boundaries through kernel functions, making it suitable for high-

dimensional data [12]. Random Forest, as an ensemble learning method, enhances stability and reduces 

variance by aggregating multiple decision trees [13]. Both algorithms have been extensively applied in 

breast cancer classification and have demonstrated competitive performance across various datasets 

[14], [15] 

However, model performance is not determined solely by algorithm selection. Hyperparameter 

configuration plays a critical role in achieving optimal generalization [16]. Inadequate tuning may result 

in overfitting or underfitting, thereby reducing reliability when models are applied to unseen clinical 

data. In the context of medical diagnosis [17], classification errors—especially false negatives in which 

malignant cases are misclassified as benign—can lead to delayed treatment and serious clinical 

consequences. Therefore, optimization strategies are essential not only to improve overall accuracy but 

also to enhance sensitivity and model discrimination capability [18]. 

A review of prior studies indicates that many works emphasize algorithm comparison or report 

high accuracy without thoroughly analyzing clinically significant metrics such as malignant-class recall 

and ROC–AUC [19], [20], [21]. Some studies evaluate breast cancer classification models on 

benchmark datasets [22], [23]. yet limited research systematically compares baseline and optimized 

configurations while explicitly examining the impact of hyperparameter tuning and feature selection on 

classification errors [24]. Furthermore, reproducible experimental designs that transparently evaluate 

optimization effects across multiple performance metrics remain relatively underreported [25], [26]. 

This gap motivates the present study. Therefore, this research aims to optimize and 

comprehensively evaluate SVM and Random Forest models for breast cancer classification using the 

Breast Cancer Wisconsin (Diagnostic) dataset. Optimization is conducted through hybrid 

hyperparameter tuning and feature selection, with evaluation focusing on accuracy, malignant-class 

recall, confusion matrix analysis, and ROC–AUC. The originality of this study lies in (1) systematically 

comparing baseline and optimized models using clinically relevant metrics; (2) empirically analyzing 

the impact of optimization strategies on reducing false-negative classifications; and (3) providing a 

reproducible experimental framework that highlights the practical significance of hybrid optimization 

in improving diagnostic reliability for breast cancer classification. 

2. METHOD 

 
Figure 1. Research Methodology Flow Diagram 
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This study adopts a quantitative research approach using an experimental method to evaluate the 

performance of machine learning algorithms in breast cancer classification. The research methodology 

is systematically designed to ensure that each stage can be replicated and produces objective and reliable 

results. The primary focus of this study is to analyze the impact of hyperparameter tuning on the 

performance of Support Vector Machine (SVM) and Random Forest (RF) models when applied to a 

tabular breast cancer dataset. The overall stages of the research process are illustrated in Figure 1. which 

presents the Research Methodology Flow Diagram. 

 

1. Feature Importance (Random Forest) 
The dataset is first preprocessed through normalization to ensure that numerical features are 

scaled appropriately, particularly for SVM, which is sensitive to feature magnitude. Feature selection is 

then performed using Random Forest feature importance, where the importance score of each feature is 

computed based on the mean decrease in impurity (MDI). For a given feature f j, its importance score is 

defined as: 

𝐹𝐼(𝑓𝑗) = ∑ ∑ 𝛥𝐼𝐽̇,𝑡
𝑛𝜀𝑁𝑡

𝑇

𝑡=1

     (1) 

2. Average Cross-Validation Score 
Hyperparameter tuning is conducted using GridSearchCV combined with 5-fold cross-validation. 

The cross-validation process divides the dataset into five subsets, where four folds are used for training 

and one fold for validation iteratively. The average cross-validation score is computed as: 

𝐶𝑉𝑎𝑣𝑔 =
1

𝑘
∑ 𝑠𝑘

𝑖=1 𝑐𝑜𝑟𝑒𝑖     (2) 

3. Accuracy 
Model evaluation is performed on a separate test dataset that is not involved in training or tuning 

to ensure unbiased performance estimation. Several evaluation metrics are used due to their clinical 

relevance. Accuracy is calculated as: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
    (3) 

4. Recall (Sensitivity) 
Recall (Sensitivity), which is particularly critical in medical diagnosis for detecting malignant 

cases, is defined as: 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
    (4) 

5. True Positive Rate (TPR) 
where 𝑇𝑃represents true positives and 𝐹𝑁 represents false negatives. In the context of breast 

cancer diagnosis, high recall for the malignant class is essential to minimize missed cancer cases. 

The discrimination capability of the models is further assessed using the Area Under the Receiver 

Operating Characteristic Curve (ROC–AUC). The ROC curve plots the True Positive Rate (TPR) 

against the False Positive Rate (FPR), where: 

𝑇𝑃𝑅 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
     (5) 
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6. False Positive Rate (FPR) 
Equation (6) calculates the false positive rate, which measures the proportion of benign cases that 

are incorrectly classified as malignant. A low false positive rate indicates that the model is effective in 

avoiding incorrect cancer diagnoses, which is important to prevent unnecessary anxiety and medical 

procedures for patients. 

𝐹𝑃𝑅 =  
𝐹𝑃

𝐹𝑃+𝑇𝑁
      (6) 

In The AUC value, ranging from 0 to 1, reflects the model’s overall ability to distinguish between 

benign and malignant classes across all classification thresholds. In medical applications, a higher AUC 

indicates stronger diagnostic discrimination and improved reliability for clinical decision support. By 

integrating systematic experimentation, hybrid hyperparameter tuning, clinically relevant evaluation 

metrics, and a clearly defined workflow (Figure 1), this methodology ensures both technical rigor and 

practical significance for breast cancer diagnostic modeling. general, the proposed research 

methodology consists of five main stages, namely data acquisition, data preprocessing, machine learning 

modeling, hyperparameter optimization, and model performance evaluation. The conceptual workflow 

of the study is illustrated through a methodological flow diagram, as shown in Figure 1, which describes 

the relationship between each research stage from the initial data collection process to the final 

evaluation phase. 

2.1  Dataset Acquisition 

The dataset used in this study is the Breast Cancer Wisconsin (Diagnostic) dataset, which is a 

benchmark dataset widely used in breast cancer classification research. The dataset consists of 569 

samples obtained from Fine Needle Aspirate (FNA) examinations of breast tissue, with two target 

classes, namely benign and malignant. Each sample is represented by 30 numerical features that describe 

the morphological characteristics of cell nuclei, including size, texture, shape, and surface complexity. 

A detailed summary of the dataset characteristics and attributes is presented in Table 1. entitled 

Description of the Breast Cancer Wisconsin (Diagnostic) Dataset. 

 

Table 1. Description of the Breast Cancer Wisconsin (Diagnostic) Dataset 

Parameter Keterangan 

Jumlah Sampel 569 

Jumlah Fitur 30 

Kelas Benign, Malignant 

Sumber Data Fine Needle Aspirate (FNA) 

Jenis Data Numerik (Tabular) 

 

The use of a benchmark dataset in medical classification research aims to ensure the comparability 

of experimental results with previous studies and to enhance research reproducibility. This dataset was 

selected because it has a clean data structure, contains no missing values in the main features, and 

exhibits a relatively balanced class distribution, making it suitable for evaluating the performance of 

classical machine learning algorithms. 

2.2 Data Preprocessing 

Data preprocessing is conducted to ensure data quality and to reduce potential bias prior to the 

model training process. At this stage, attributes that are not relevant to the classification task, such as 

identification columns and empty columns, are removed from the dataset. Subsequently, the diagnosis 

labels, which are originally categorical, are converted into numerical form so that they can be processed 

by machine learning algorithms. 
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The dataset is then separated into feature variables (X) and target labels (y), and divided into 

training and testing subsets with a proportion of 80% for training data and 20% for testing data. The 

data splitting process is carried out using stratified sampling to preserve the class distribution in both 

subsets, as recommended in tabular medical classification studies. 

In addition, feature standardization is applied using z-score normalization, particularly to support 

the performance of algorithms that are sensitive to feature scale, such as Support Vector Machine. This 

standardization ensures that each feature contributes proportionally during the model learning process. 

2.3 Feature Selection 

Feature selection is performed to reduce data dimensionality and eliminate redundant or less 

informative features while preserving important diagnostic information. In this study, feature selection 

is conducted using a feature importance approach derived from the Random Forest model. Each feature 

is assigned an importance score based on its contribution to the classification process. 

The top 15 features with the highest importance scores are selected and used as input for both 

SVM and Random Forest models. This selection is based on cumulative importance analysis to retain 

the most informative attributes while reducing model complexity. This step aims to improve 

computational efficiency, reduce overfitting risk, and enhance generalization performance without 

sacrificing classification accuracy. 

𝐹𝐼(𝑓𝑗) = ∑ 𝛥𝐼𝐽̇,𝑡

𝑇

𝑡=1
    (7) 

This formula is used to calculate the importance score of a feature 𝑓𝑗 in the Random Forest model. 

The feature importance value is obtained by summing the decrease in impurity 𝛥𝐼𝐽̇,𝑡 contributed by 

feature 𝑓𝑗 across all nodes t and all decision trees in the forest. A higher feature importance score 

indicates a stronger contribution of the feature to the classification process. Features with the highest 

importance scores are selected during the feature selection stage. 

2.4 Model Construction and Baseline Experiment 

At the modeling stage, two machine learning algorithms are employed, namely Support Vector 

Machine (SVM) and Random Forest. SVM is selected due to its capability to construct non-linear 

decision boundaries through kernel functions, making it effective for high-dimensional data. In this 

study, the Radial Basis Function (RBF) kernel is used because of its flexibility in handling non-linear 

relationships among features. 

Random Forest is used as a comparative model because it is an ensemble learning algorithm that 

combines multiple decision trees to enhance model stability and robustness against noise. Random 

Forest is also relatively insensitive to overfitting and can automatically handle feature interactions. 

In the initial phase, both models are trained using default hyperparameter configurations to obtain 

baseline models. These baseline models serve as reference points before the application of feature 

selection and hybrid hyperparameter tuning. 

2.5 Hybrid Hyperparameter Tuning 

This optimization approach is considered hybrid because it integrates feature selection and 

systematic hyperparameter tuning within a unified learning framework. Feature selection reduces 

dimensionality and removes irrelevant attributes prior to model training, while hyperparameter tuning 

optimizes model configurations using cross-validated grid search. The combination of these two 

processes enables more robust and reliable classification performance compared to applying either 

technique independently. 
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𝐶𝑉𝑎𝑣𝑔 =
1

𝑘
∑ 𝑠𝑘

𝑖=1 𝑐𝑜𝑟𝑒𝑖   (8) 

This formula computes the average performance score obtained from k-fold cross-validation. The 

dataset is divided into k subsets, where each subset is used once as validation data while the remaining 

subsets are used for training. The average cross-validation score provides a more reliable and stable 

estimate of model performance by reducing the bias caused by a single train–test split. In this study, k 

= 5.  

2.6 Model Evaluation 

Model performance evaluation is conducted to assess the ability of the proposed models to 

classify breast cancer data accurately and consistently. The evaluation process is performed using the 

testing dataset, which is not involved in the training phase, in order to provide an objective assessment 

of model generalization capability. 

Several evaluation metrics are employed to provide a comprehensive assessment of model 

performance. Accuracy is used to measure the overall proportion of correct predictions. However, given 

the medical diagnostic context, this study places particular emphasis on recall for the malignant class, 

which reflects the model’s ability to correctly identify cancer cases. 

In addition, the confusion matrix is used to present the distribution of prediction outcomes in 

terms of true positives, true negatives, false positives, and false negatives. To evaluate the overall 

discrimination capability of the models, the Receiver Operating Characteristic (ROC) curve and Area 

Under the Curve (AUC) are utilized, illustrating the relationship between true positive rate and false 

positive rate across different decision thresholds. Visualization of model evaluation results is presented 

in the form of confusion matrices and ROC curves, while a summary of evaluation metrics is provided 

through comparative performance tables. 

2.7 Comparative Discussion with Previous Studies 

Several previous studies on the Breast Cancer Wisconsin (Diagnostic) dataset report high 

classification accuracy using classical machine learning models such as SVM, Random Forest, K-

Nearest Neighbor, and Logistic Regression, typically ranging between 95% and 98%. However, many 

of these studies primarily emphasize overall accuracy as the main evaluation metric, with limited 

discussion on malignant-class recall and false negative rates, which are clinically more critical in cancer 

diagnosis. In contrast to prior works that focus predominantly on accuracy improvement, this study 

explicitly prioritizes malignant-class recall and false negative reduction as central evaluation criteria. 

Although the baseline models already achieved 97.36% accuracy, the recall value of 0.928571 indicates 

that approximately 7.14% of malignant cases were misclassified. Through hybrid hyperparameter tuning 

and feature selection, the optimized SVM improved recall to 0.952381, reducing the proportion of 

undetected malignant cases. While the numerical improvement (+2.38%) may appear modest, in a 

clinical context this represents a meaningful reduction in diagnostic risk. Compared to studies that report 

marginal accuracy gains without analyzing error distribution, this research provides a structured 

evaluation using confusion matrices and ROC–AUC analysis to assess discrimination capability across 

decision thresholds. The optimized SVM achieved an AUC of 0.996032, which is slightly higher than 

many previously reported SVM implementations on the same dataset. More importantly, the 

improvement is validated using cross-validation during hyperparameter tuning, reducing the likelihood 

of overfitting—an aspect not always clearly addressed in earlier studies. Another distinction of this study 

lies in the comparative behavior between SVM and Random Forest after optimization. While some 

previous works report substantial improvements for ensemble methods after tuning, the results here 

show that Random Forest performance remains relatively stable (accuracy 0.973684 before and after 

optimization). This suggests that for well-structured tabular medical datasets, margin-based classifiers 
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like SVM may benefit more from systematic hyperparameter adjustment than ensemble-based methods 

that already exhibit strong baseline robustness. 

3. RESULT  

This section presents the experimental results and discussion regarding the performance of the 

Support Vector Machine (SVM) and Random Forest (RF) models for breast cancer classification using 

the Breast Cancer Wisconsin (Diagnostic) dataset. All results are obtained from evaluations conducted 

on the test dataset, which was not involved in the training process, thereby reflecting the generalization 

capability of the models. The analysis focuses on baseline model performance, the impact of feature 

selection and hybrid hyperparameter tuning, classification error distribution, and model discrimination 

capability. A comprehensive summary of the comparative evaluation results is presented in Table 2. 

entitled Performance Comparison of Optimized Models. 

 

Table 2. Performance Comparison of Optimized Models 

Model Accuracy Recall ROC–AUC 

baseline SVM 0.973684 0.928571 0.994709 

baseline RF 0.973684 0.928571 0.992890 

Optimized SVM 0.982456 0.952381 0.996032 

Optimized RF 0.973684 0.928571 0.994378 

3.1  Baseline Model Performance 

Initial experiments were conducted by training the SVM and Random Forest models using default 

hyperparameter configurations to establish baseline performance. The purpose of this stage was to 

obtain an initial reference for model performance prior to applying feature selection and hyperparameter 

optimization. 

The evaluation results indicate that both baseline models achieved relatively high classification 

accuracy on the test dataset. This suggests that the Breast Cancer Wisconsin (Diagnostic) dataset 

contains informative features that can be effectively learned by classical machine learning algorithms. 

However, despite the high accuracy values, further analysis revealed that the baseline models still 

produced misclassifications, particularly false negative predictions in malignant cases.The presence of 

false negatives in the baseline models is a critical concern in the context of medical diagnosis, as 

misclassifying malignant cases as benign may delay appropriate medical treatment. These findings 

highlight that accuracy alone is insufficient to assess model reliability in breast cancer classification and 

reinforce the need for further optimization. Both models achieved identical performance Accuracy: 

0.973684, Recall (Malignant class): 0.928571, ROC–AUC:SVM: 0.994709, RF: 0.992890. Although 

the accuracy of 97.36% appears high, the recall value of 0.928571 indicates that approximately 7.14% 

of malignant cases were not correctly detected. In medical diagnosis, this level of false negatives remains 

clinically significant and requires improvement. 

3.2 Impact of Feature Selection and Hybrid Hyperparameter Tuning 

Feature selection and systematic hyperparameter tuning were applied to enhance model 

performance, stability, and generalization capability. Feature selection reduced data dimensionality by 

retaining only the most relevant diagnostic features based on importance scores derived from the 

Random Forest model. This reduction helps eliminate redundant and less informative attributes, 

decreases computational complexity, and minimizes the risk of overfitting. Meanwhile, hyperparameter 

tuning was conducted using GridSearchCV with cross-validation to identify the optimal parameter 

combinations for each algorithm, ensuring that the models achieve balanced bias–variance trade-offs 

and improved robustness on unseen data. 
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The experimental results demonstrate that the impact of these optimization techniques differs 

between the two algorithms. The SVM model shows a consistent and measurable improvement across 

multiple evaluation metrics after optimization. Notably, malignant-class recall and ROC–AUC values 

increase, indicating enhanced sensitivity in detecting cancer cases and stronger discrimination capability 

between benign and malignant samples. This suggests that SVM is more sensitive to hyperparameter 

configuration, particularly in adjusting the regularization strength and kernel parameters that shape the 

decision boundary. By optimizing these parameters and reducing irrelevant features, the SVM model 

achieves a more precise separation of classes and reduces false negative predictions. 

In contrast, the Random Forest model exhibits relatively stable performance before and after 

optimization. Although minor improvements are observed, the overall performance gain is not as 

significant as that of the SVM model. This behavior indicates that Random Forest, as an ensemble-based 

algorithm, is inherently robust and less sensitive to moderate variations in hyperparameter settings. Its 

bagging mechanism and aggregation of multiple decision trees already provide strong baseline 

performance, making additional tuning yield limited incremental benefits. Therefore, while feature 

selection and tuning contribute to performance refinement, the magnitude of improvement is more 

pronounced in margin-based classifiers such as SVM than in ensemble methods like Random Forest for 

this particular dataset. The detailed classification results of the optimized SVM model are illustrated in 

Figure 2. which presents the confusion matrix of the optimized SVM model. 

 

 
Figure 2. Optimized SVM model confusion matrix 

 

In the optimized SVM model, the confusion matrix shows that most samples are correctly 

classified. The number of false negatives in the malignant class is very low, indicating that the model 

has strong sensitivity in detecting breast cancer cases. Additionally, the absence of false positives 

demonstrates that the model effectively avoids misclassifying benign patients as malignant. For 

comparison, the classification performance of the optimized Random Forest model is illustrated in 

Figure 3. which presents the confusion matrix of the optimized Random Forest model. 

 

 
Figure 3. Optimized Random Forest model confusion matrix 
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In the optimized Random Forest model, the confusion matrix indicates that the majority of 

samples are classified accurately, with most benign and malignant cases correctly identified. Although 

the number of false negatives is slightly higher compared to the SVM model, the overall sensitivity in 

detecting malignant cases remains high, demonstrating reliable cancer detection capability. Importantly, 

no false positive predictions are observed, meaning that benign patients are not incorrectly classified as 

malignant. This balance between high sensitivity and perfect specificity indicates that the optimized 

Random Forest model provides stable and clinically acceptable classification performance. 

3.3 Classification Error Analysis Using Confusion Matrix 

To gain deeper insight into model behavior, classification error distribution was analyzed using 

confusion matrices. The confusion matrix provides a detailed breakdown of prediction outcomes in 

terms of true positives, true negatives, false positives, and false negatives. 

The optimized SVM model demonstrates a reduction in false negative predictions compared to 

the baseline model. This result indicates that the optimized SVM is more effective in identifying 

malignant cases, thereby improving diagnostic sensitivity. Moreover, the number of false positive 

predictions remains low, suggesting that the model maintains good specificity. 

For the optimized Random Forest model, the confusion matrix shows a similar pattern to the 

baseline configuration, with a slightly higher number of false negatives compared to the optimized SVM. 

Although the numerical difference is not large, it becomes significant in medical applications where 

even a small number of undetected cancer cases may have serious clinical implications. 

3.4 Model Discrimination Evaluation Using ROC–AUC 

The discrimination capability of the models was further evaluated using the Receiver Operating 

Characteristic (ROC) curve and the corresponding Area Under the Curve (AUC). The ROC curve 

illustrates the trade-off between the true positive rate and false positive rate across different classification 

thresholds. A higher AUC value indicates better overall classification performance and stronger 

discriminative power in distinguishing between benign and malignant cases. By analyzing the ROC 

curves of both models, it is possible to compare their ability to maintain high sensitivity while 

minimizing false alarms across various decision thresholds. In addition to the ROC analysis, the detailed 

classification distribution of the optimized Random Forest model is presented in Figure 3. which shows 

the confusion matrix of the optimized Random Forest model. 

 

 
Figure 4. ROC Curve Comparison of SVM and Random Forest models 

 

Both SVM and Random Forest models produce ROC curves that are close to the upper-left corner 

of the plot, indicating strong discrimination performance. However, the optimized SVM model achieves 

a slightly higher AUC value than the Random Forest model. This result confirms that the optimized 

SVM has a more stable and consistent ability to distinguish between benign and malignant classes across 

various threshold settings. The ROC–AUC analysis supports the findings from the confusion matrix and 

recall evaluation, reinforcing the conclusion that the optimized SVM model offers superior diagnostic 

sensitivity. 
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3.5 Comparative Analysis of Baseline and Optimized Models 

A comprehensive comparison between baseline and optimized models is summarized through the 

evaluation metrics obtained from the test dataset. The results indicate that hybrid hyperparameter tuning 

and feature selection provide a noticeable improvement for the SVM model, particularly in malignant-

class recall and AUC values. 

On the other hand, the Random Forest model demonstrates relatively stable performance with 

minimal changes after optimization. This outcome suggests that margin-based classifiers such as SVM 

benefit more from parameter tuning and feature reduction on tabular datasets with well-separated class 

boundaries, whereas ensemble-based methods like Random Forest tend to reach near-optimal 

performance more quickly. 

3.6 Overall Findings 

From a methodological perspective, the results emphasize the importance of evaluating machine 

learning models using multiple performance metrics rather than relying solely on accuracy. In breast 

cancer diagnosis, malignant-class recall and false negative analysis are critical due to their direct impact 

on patient safety. 

Furthermore, this study demonstrates that hybrid hyperparameter tuning and feature selection are 

essential components in developing reliable machine learning-based diagnostic systems. While 

optimization does not always yield substantial numerical improvements on benchmark datasets, it plays 

a crucial role in improving model stability, sensitivity, and trustworthiness in medical applications. The 

confusion matrix analysis (Figures 2 and 3) strengthens this interpretation by clearly presenting the 

distribution of true positives, true negatives, false positives, and false negatives. The very low number 

of false negatives in the optimized SVM model indicates strong effectiveness in detecting malignant 

cases. This finding is particularly important in medical decision-making, as previous studies emphasize 

that false negatives are the most critical type of error due to their potential to delay treatment and increase 

patient mortality risk. Therefore, the improvement in malignant-class recall represents not only 

statistical enhancement but also a clinically meaningful contribution aligned with established medical 

AI evaluation principles. Meanwhile, the Random Forest model demonstrates stable classification 

behavior, confirming its robustness as an ensemble-based approach despite relatively moderate 

optimization gains. 

The ROC curve and AUC analysis further demonstrate the models’ discrimination capability 

across different decision thresholds. A higher ROC–AUC value indicates consistent separation between 

benign and malignant cases, which is essential in clinical environments where threshold adjustments 

may be required based on risk tolerance. From a clinical perspective, improvements in recall and ROC–

AUC directly support patient safety and early detection, as accurate identification of malignant cases 

significantly increases survival rates and improves treatment outcomes. Overall, these findings confirm 

that hybrid hyperparameter tuning and feature selection are not merely technical refinements but 

clinically relevant strategies that enhance sensitivity, reduce diagnostic risk, and strengthen the 

reliability of breast cancer classification systems. 

4. CONCLUSION 

This study demonstrates that the integration of feature selection and hybrid hyperparameter tuning 

effectively improves the performance of SVM and Random Forest models for breast cancer 

classification. The optimized SVM model achieves higher performance compared to its baseline 

configuration, with accuracy improving from 0.973684 to 0.982456, malignant-class recall increasing 

from 0.928571 to 0.952381, and ROC–AUC rising from 0.994709 to 0.996032. Meanwhile, the Random 

Forest model maintains stable and robust performance, with accuracy remaining at 0.973684, recall at 
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0.928571, and ROC–AUC slightly improving from 0.992890 to 0.994378 after optimization. These 

findings confirm that hybrid optimization strategies play a crucial role in enhancing diagnostic 

reliability, particularly in reducing false negatives and improving model discrimination in machine 

learning-based medical decision-support systems. Overall, the results highlight that hybrid 

hyperparameter tuning combined with feature selection is essential for strengthening model reliability, 

sensitivity, and stability in breast cancer classification tasks. Beyond this specific case study, the 

proposed hybrid optimization framework offers a systematic and reproducible approach that can 

potentially be adapted to other medical diagnostic applications involving structured clinical data. 

Furthermore, this research contributes significantly to the field of Medical Informatics by 

demonstrating that hybrid feature selection not only improves predictive performance but also enhances 

computational efficiency through dimensionality reduction. By removing redundant and less 

informative features, the proposed framework reduces model complexity, optimizes computational 

resources, and shortens training time while maintaining high diagnostic accuracy. This balance between 

efficiency and reliability strengthens the practical applicability of machine learning models in real-world 

clinical environments, where scalable, fast, and accurate decision-support systems are critically needed. 
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