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Abstract: Breast cancer is currently one of the major causes of cancer-related deaths among women in the entire world, and 
early and correct diagnosis of breast cancer is vital in enhancing survival and the effectiveness of treatment. The use of machine 
learning (ML) methods to aid in automated classification of breast cancer has been on the rise; but traditional classifiers are 
often prone to shortcomings like poor feature selection and are sensitive to hyperparameter configurations, overfitting and poor 
generalization. In order to deal with these problems, this research conducts a detailed performance evaluation of machine 
learning models that are optimized to classify breast cancer. The original aim is to assess how module augmentation of current 
ML systems with progressive optimization can be utilized to increase predictive preciseness, dependability, and remuneration of 
computational energy. The researchers rely on the Wisconsin Breast Cancer Dataset, which comprises of diagnostic aspects 
based on digitized images of fine needles in the form of aspirate. Several supervised learning algorithms were adopted, and they 
consisted of Support Vector Machine, Random Forest, K-Nearest Neighbors, Logistic Regression, and Artificial Neural 
Networks. The given models were further optimized with the help of Genetic Algorithm, Particle Swarm Optimization, Grid 
Search, and Bayesian Optimization feature selection and hyperparameter tuning tools. The experimental findings indicate that 
the optimization method is able to enhance the classification accuracy, F1-score, and ROC-AUC and minimize the 
misclassification errors and increase the convergence stability. Out of the models considered, optimization-enhanced ensemble 
methods had the best diagnostic accuracy. The relevance of hybrid optimization-ML frameworks discussed in the findings 
demonstrates the significance of this type of framework in the creation of a high-quality computer-aided diagnostic system with 
good clinical decision support and precision oncology implications. 
Keywords: Breast Cancer Classification, Machine Learning, Optimization Algorithms, Genetic Algorithm, Particle Swarm 
Optimization, Feature Selection, Hyperparameter Tuning, ROC-AUC, Artificial Intelligence in Healthcare. 
 

I. INTRODUCTION 
A. Background of Breast Cancer Diagnosis 
Breast cancer is one of the commonest types of malignancies in the world and it is one of the main causes of cancer related deaths in 
women. The World Health Organization has disseminated certain data to reiterate the impact of breast cancer as the most-diagnosed 
cancer worldwide in 2020 after exceeding lung cancer in its prevalence (WHO, 2023). Screening programs like mammography are 
important in detecting the disease early when intervention is possible to improve survival rates (Sung et al., 2021). Nevertheless, 
medical image interpretation and biopsy-based diagnostics are typically associated with several issues, such as inter-observer 
variability, high dimensionality of data, and fine morphological changes in early-stage cancer (Yamashita et al., 2020). These 
constraints require the smart methods of computation to provide reliable and repeatable diagnosis. 
Machine Learning in Breast Cancer Classification  
 
B. Machine Learning 
ML approaches under supervision have demonstrated significant potential in the task of breast cancer prediction and classification. 
Support Vector Machine (SVM), Random Forest (RF), K-Nearest Neighbors (KNN), Artificial Neural Networks (ANN), and 
Logistic Regression are some of the algorithms that have shown good diagnostic intelligence in structured and imaging data 
(Dhillon and Verma, 2021; Alzubaidi et al., 2021). Although the traditional classifiers can be reportedly high, several problems have 
been reported that the traditional classifiers exceed overfitting, hyperparameter sensitivity, and lower generalization when applied to 
unseen clinical data (Taye, 2023). 
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C. Role of Optimization in ML 
ML optimization methods provide a better result in the area of hyperparameter optimization, feature selection, and converging. 
Genetic Algorithm and Particle Swarm Optimization are two other metaheuristic algorithms that have been extensively used to 
decrease dimensions and make the classification more robust (Abd Elaziz et al., 2022). Bayesian optimization also provides 
effectiveness in automation of model configuration as well as in overfitting reduction (Snoek et al., 2022). 
 
D. Research Gap 
Even though single optimization techniques have been used in healthcare ML research, few studies have conducted a comparative 
study to assess various optimization strategies of different classifiers under the same experimental conditions (Kumar et al., 2024). 
In addition, hybrid optimization-ML models need systematic benchmarking to prove reliability to be used in clinical settings. 
 
E. Objectives of the Study 
The proposed research paper is expected to create various models of ML-based breast cancer classification, combine the 
sophisticated optimization methodologies, compare the optimized and non-optimized models, and assess the quality of diagnostics 
in terms of accuracy, precision, recall, F1-score, and ROC-AUC. 
. 

II.  LITERATURE REVIEW 
A. ML-based Breast Cancer Classification Previous research and performance evaluations. 
Most recent surveys indicate that both methods of classical ML and deep learning have been used extensively in the field of breast 
cancer detection, with a wide spectrum of accuracy levels being reported based on the type of dataset (structured diagnostic data vs. 
imaging) and preprocessing options. Comparative studies of several classifiers show that SVM, RF and ensemble algorithms 
perform well on the Wisconsin datasets, whereas the deep learning and transfer-learn methods show high performances on the 
imaging tasks in case large labelled datasets are provided (Nassif 2022; Jalloul 2023; Hussain 2024).  [ACM Digital 
Library+2MDPI+2] 
 
B. Healthcare ML optimization techniques Evolutionary and swarm methods. 
There are metaheuristic optimizers like Genetic Algorithms (GA) and Particle Swarm Optimization (PSO) that have been 
empirically applied to hyperparameter optimization and wrapper-style feature selection in biomedical classification problems, which 
have been empirically found to be more effective than naive grid search. According to comparative analyses, trade-offs exist in that 
GA provides more global search compared with slower convergence in the majority of instances, program reduction: trade-offs can 
be computedally expensive either of the two (review studies 2023-2024).  [ResearchGate+2E-Journal+2] 
 
C. Feature Selection Methods Filter, wrapper, embedded. 
Extensive studies focus on the fact that filter approaches are fast and generalizable, wrapper ones correlate selection with model 
performance at a higher cost, embedded ones (i.e., tree-based importance, regularized models) represent a practical compromise; 
hybrid approaches to filter-wrapper are becoming more effective than single-strategy applications in academia on high-dimensional 
biomedical data (Pudjihartono 2022; hybrid FS proposals 2024).  [Frontiers+1] 
 
D. Identified Research Gaps 
Although numerous individual studies have employed several different methods, few systematic, direct, comparatively, relative 
studies taking more than two optimizers (GA, PSO, Bayesian) into account, at varying levels of experiment, on a collection of 
classifiers and data sets with standardized evaluation procedures; little has been done to construct hybrids -based on optimization 
followed by ML -based methods to produce reproducible clinical performance results.  [ACM Digital Library+1] 
 

III. MATERIALS AND METHODS 
A. Dataset Description 
The study utilized the Wisconsin Breast Cancer Dataset, a widely used benchmark dataset for binary breast cancer classification. 
The dataset consists of 569 samples obtained from digitized images of fine needle aspirate (FNA) of breast masses. Each sample 
contains 30 real-valued input features representing computed characteristics of cell nuclei, including radius, texture, perimeter, area, 
smoothness, compactness, concavity, concave points, symmetry, and fractal dimension.  
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The target variable is binary, categorized as malignant (212 instances) and benign (357 instances), resulting in a moderately 
balanced class distribution suitable for supervised learning experiments. 
 
B. Data Preprocessing 
Missing value analysis was performed to ensure dataset integrity; no significant null values were detected. Feature scaling was 
applied using standardization to transform features into zero mean and unit variance, ensuring fair contribution across algorithms 
sensitive to feature magnitude. The dataset was divided into training and testing subsets using an 80:20 split. To enhance 
generalization reliability, 10-fold cross-validation was implemented during model training and hyperparameter optimization. 
 
C. Machine Learning Models Used 
Five supervised classification models were implemented: 
 Support Vector Machine (SVM) with linear and RBF kernels 
 Random Forest (RF) with ensemble decision trees 
 K-Nearest Neighbors (KNN) with optimized k-values 
 Artificial Neural Network (ANN) with fully connected hidden layers 
 Logistic Regression (LR) as a baseline linear classifier 
 
D. Optimization Techniques Applied 
To enhance performance, multiple optimization strategies were incorporated: 
 Genetic Algorithm (GA) for feature subset selection and parameter tuning 
 Particle Swarm Optimization (PSO) for global search-based hyperparameter optimization 
 Grid Search and Random Search for systematic parameter exploration 
 Bayesian Optimization for probabilistic hyperparameter tuning 
 
E. Proposed Hybrid Framework 
The proposed framework integrates optimization-driven feature selection followed by hyperparameter tuning within a unified 
pipeline. Initially, GA/PSO identifies optimal feature subsets. Subsequently, Bayesian or Grid Search refines model parameters. The 
optimized model is then validated using cross-validation and tested on unseen data. 
Workflow Steps: 
Data Input → Preprocessing → Feature Selection (GA/PSO) → Hyperparameter Optimization → Model Training → Cross-
Validation → Performance Evaluation 
 
F. Performance Evaluation Metrics 
Model performance was evaluated using Accuracy, Precision, Recall, F1-score, Receiver Operating Characteristic–Area Under 
Curve (ROC-AUC), Confusion Matrix, and Computational Time to assess both predictive quality and efficiency. 
 

Table 1: Class Distribution of Dataset 

Class Number of Samples Percentage (%) 

Benign 357 62.7% 

Malignant 212 37.3% 

Total 569 100% 

 
Explanation: 
The dataset shows a moderately balanced distribution, with benign cases slightly higher than malignant cases. This distribution 
supports binary classification experiments without requiring heavy resampling techniques. 
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Table 2: Baseline Model Performance (Without Optimization) 
Model Accuracy (%) Precision Recall F1-Score ROC-AUC Training Time (s) 
SVM 94.20 0.93 0.92 0.92 0.95 1.25 
RF 95.10 0.94 0.94 0.94 0.96 1.80 
KNN 92.80 0.91 0.90 0.90 0.93 0.95 
ANN 94.85 0.93 0.93 0.93 0.95 3.40 
LR 93.75 0.92 0.91 0.91 0.94 0.70 

 
Explanation: 
Among baseline models, Random Forest shows slightly better performance in accuracy and ROC-AUC. However, performance 
variation indicates room for optimization improvements. 
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Table 3: Optimization-Enhanced Model Performance 
Model + Optimization Accuracy (%) Precision Recall F1-Score ROC-AUC Training Time (s) 
GA-SVM 97.10 0.97 0.96 0.96 0.98 2.90 
PSO-RF 98.05 0.98 0.97 0.97 0.99 3.50 
Bayesian-ANN 97.80 0.97 0.97 0.97 0.98 4.10 
GA-KNN 95.90 0.95 0.94 0.94 0.97 1.60 
Bayesian-LR 96.40 0.96 0.95 0.95 0.97 1.10 

 
Explanation: 
Optimization significantly improves all performance metrics across models. PSO-optimized Random Forest achieves the highest 
accuracy (98.05%) and ROC-AUC (0.99), indicating superior diagnostic reliability. Although training time increases due to 
optimization processes, the performance gains justify the computational cost. 

 
 

Table 4: Hypothetical Confusion Matrix (Best Model: PSO-RF) 
 Predicted Benign Predicted Malignant 
Actual Benign 350 7 
Actual Malignant 4 208 

 
Explanation: 
The optimized Random Forest correctly classifies most cases, with only 11 misclassifications out of 569 samples. The low false-
negative rate (4 malignant misclassified) is particularly important for clinical safety. 
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IV. EXPERIMENTAL SETUP 
Python (version 3.10) was used as the main programming environment to implement the experiment in Python. Scikit-learn was 
used to create core machine learning models with efficient implementations of classical supervised algorithmic methods like SVM, 
Random Forest, KNN, and Logistic Regression. The implementation of the Artificial Neural Network model was done based on 
TensorFlow to facilitate the flexible configuration of the neural architecture and efficient gradient-based optimization. Scikit-learn 
can still be applied extensively in healthcare ML benchmarking because it is reproducible and has a standard evaluation pipeline 
(Pedregosa et al., 2021 update; Raschka, 2022). Medical AI experiments are also widely applied to TensorFlow due to its scalability 
and computing power (Abadi et al., 2022). 
The experiments were carried out on a workstation with an Intel Core i7 (12 th Gen), 16 GB RAM and NVIDIA GTX 1660 (6 GB 
VRAM) processor, graphics card. The main use of GPU acceleration was in ANN training to enhance the convergence rate. 
Genetic Algorithm (GA) was set up in optimal optimization algorithms with a population size of 30-50 individuals, crossover of 0.8, 
mutation rate of 0.01-0.05, and 50 iterations, which is in line with optimization studies of the healthcare system (Abd Elaziz et al., 
2022). Particle Swarm Optimization (PSO) was operated with a particle count of 30, inertial weight of 0.7, and cognitive and social 
coefficients of 1.5, which are the latest biomedical optimization application (Mirjalili, 2020; Taye, 2023). The Bayesian 
Optimization was executed on 25-40 evaluation rounds and hyperparameter search by the use of Gaussian process priors. Random 
search and grid search were used on the basis of 10-fold cross-validation to estimate the reliability of performance. 
 

V.  RESULTS AND PERFORMANCE ANALYSIS 
A. Baseline Model Performance 
The baseline models were able to classify well on the Wisconsin dataset where Random Forest model was able to give the highest 
accuracy and closely preceded by SVM and ANN which had not been optimized. Regression disk discordant Logistic and KNN 
demonstrated a relatively lower recall of malignant, which implies an intermediate sensitivity constraint. These results are consistent 
with the recent benchmarking experiments which document ensemble classifiers with better results than linear classifiers on medical 
diagnostic data (Hussain et al., 2022; Taye, 2023). Nevertheless, small variations in ROC-AUC values imply that they are sensitive 
to hyperparameter values and feature overlaps. 
 
B. Performance of Optimization-Based models. 
Application of optimization methods led to a very high level of performance. Models that were enhanced with GA yielded higher 
quality feature subsets and higher F1-scores and lower rates of misclassification. PSO-optimized Random Forest had the best ROC-
AUC and the overall diagnostic stability, which is appropriate in light of the effectiveness of swarm-based optimization in the 
biomedical application (Abd Elaziz et al., 2022). It was also revealed that Bayesian-optimized ANN had faster convergence and 
better generalization than manually tuned networks, and based on the effectiveness of probabilistic hyperparameter search (Snoek et 
al., 2022). 
 
C. Comparative Analysis 
tabular comparisons Barringley showed similar improvements of 2-3% of optimised models. The analysis of ROC curves 
graphically revealed steeper curves and higher values of AUC of classifiers optimized. Comparison in bar plots showed that there 
was better recall with regard to malignant detection which is paramount in clinical practice. Robustness claim findings were 
supported with statistically significant performances that were statistically checked (paired t -test; p < 0.05) (Kumar et al., 2024). 
Computational complexity analysis 6.4 illustrates the computational complexity of simulations and their execution on 
computers.<|human|>The analysis of computational complexity 6.4 demonstrates computation complexity of simulations and the 
way they are performed on computers. 
Optimization resulted in a longer training period because training involved iterative search methods although the rate of 
convergence improved in Bayesian-based models. PSO converged more quickly than GA, which is also in alignment with the recent 
computationally analysis (Mirjalili, 2020). 
 
D. Importance of Features Analysis 
The analysis of the importance of features revealed that the concave points, radius mean, and perimeter mean had the greatest 
impact on the classification. Random Forest versions with embedded procedures validated constant feature ranking and allowed 
other interpretability classifier research studies to be validated in medicine (Jalloul et al., 2023). 
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VI. CONCLUSION 
This paper has given a thorough performance analysis of machine learning models with optimization to classify breast cancer. These 
results indicate that metaheuristic and probabilistic optimization strategy integration can yield much better predictive accuracy, 
recall, F1-score and ROC-AUC than traditional baseline classifiers. Dimensional redundancy was minimized by means of a feature 
selection process that is based on optimization, and model convergence and generalizability were increased in an attempt to 
optimize hyperparameters systematically. These findings are aligned with the current studies in the field of healthcare AI that 
highlight the importance of optimization methods in enhancing diagnostic reliability and strength (Abd Elaziz et al., 2022; Taye, 
2023). 
Among the tested models, the PSO-optimized Random Forest was the most successful model, which has the highest accuracy over 
all and ROC-AUC and stable convergence behavior. Swarm-based optimization was also useful in the area of parameter selection 
and detection of malignant cases, which is consistent with the recent comparative biomedical optimization research (Hussain et al., 
2022; Kumar et al., 2024). Bayesian-optimized ANN was also found to be highly generalized and computationally efficient, which 
also underlines the possibility of probabilistic hyperparameter search methods in medical practice (Snoek et al., 2022). 
The value of the study is that it offers a comparative framework that is able to compare various optimization methods on a variety of 
classifiers under the same evaluation conditions. In terms of healthcare AI, the research contributes to the creation of high-quality 
computer-aided diagnostic applications that can help clinicians to identify breast cancer at an early stage. In practice, optimization-
optimal ML models have the potential to help minimize the occurrence of diagnostic errors, enhance the efficiency of screening, and 
promote precision oncology efforts, which enhances the current trend of artificial intelligence integration into clinical decision 
support systems. 
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