

	Highlights in Science, Engineering and Technology
	AMCCE 2024

	Volume 120 (2024)
	



Evaluation of Machine Learning Algorithms in Comparison for Early Breast Cancer Identification
Jiarui Zhang
School of Mechanical Engineering and Automation, Northeastern University, Dongbei, China
20215035@stu.neu.edu.cn
Abstract. Breast cancer is a significant worldwide public health concern, and increasing patient survival rates requires early identification and precise prognosis. This research investigated a dataset on breast cancer to assess and compare the efficacy of three machine learning algorithms in the prediction of breast cancer: Support Vector Machine (SVM), Naive Bayes (NB), and Logistic Regression (LR). The findings demonstrated that the LR method provided good interpretability and computational efficiency, the NB algorithm excelled in computational efficiency, and the SVM algorithm performed best when processing high-dimensional data. Based on the findings, the paper recommend prioritizing the SVM algorithm for scenarios requiring high accuracy in breast cancer detection. Future research directions include enhancing model robustness through ensemble learning and optimizing feature selection. This study provides significant insights for early breast cancer detection, offering important clinical application value.
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1. Introduction
With millions of fatalities from the disease each year, cancer is a serious worldwide public health concern. Among various types of cancer, breast cancer is the most common in women, with high incidence and mortality rates, ranked second in cancer deaths among women in the United States in 2023. Breast cancer not only poses a severe threat to patients' physical health but also significantly impacts their mental health and quality of life. Consequently, increasing patient survival rates requires early identification of breast cancer and precise prognosis of the disease [1, 2].
Traditional methods for breast cancer prediction primarily rely on imaging techniques (such as mammography, ultrasound, and Magnetic Resonance Imaging (MRI)), histopathological analysis, and clinical feature evaluation. While these methods are effective in some cases, they often require significant time and cost. They depend on physicians' experience and a limited number of biomarkers, limiting their predictive accuracy [3-5]. Moreover, traditional methods struggle with handling large and complex datasets, making it challenging to meet the growing demand for breast cancer screening [6-7].
Machine learning is primarily based on learning patterns from datasets for classification and prediction, and ultimately, this classification and prediction are used to support the decision-making process [8]. Machine learning algorithms such as S Support Vector Machine (SVM), Naive Bayes (NB), and Logistic Regression (LR) have demonstrated excellent performance in handling complex medical data and significantly improving prediction accuracy and efficiency [1].
Firstly, Support Vector Machine is suitable for high-dimensional data, finding the optimal boundary for classification. Studies have shown that SVM exhibits high accuracy and reliability in breast cancer prediction [1]. Secondly, Naive Bayes, based on Bayes' theorem, is effective for classification problems, especially when dealing with large datasets with high feature dimensions [1]. Finally, Logistic Regression is used for binary classification, offering strong interpretability and computational efficiency, making it widely applied in breast cancer prediction research [2].
This study aims to develop an efficient breast cancer prediction model by integrating SVM, NB, and LR algorithms. The research will proceed through the following steps:
First, breast cancer patient data will be collected from public databases, followed by missing value imputation and standardization. Then, important predictive features will be selected using statistical methods and machine learning techniques. Next, predictive models will be constructed using SVM, NB, and LR algorithms and trained on the data. Subsequently, the models will be evaluated using cross-validation and independent test sets, comparing performance based on accuracy, sensitivity, and specificity, and optimizing the models. Finally, the strengths and weaknesses of each model will be analyzed, and the effectiveness of combining multiple algorithms will be discussed, as well as the potential for clinical application. 
2. Data and Method
2.1. [bookmark: OLE_LINK2]Data source
The dataset used in this study is the breast cancer dataset provided by the sklearn library (https://scikit-learn.org/stable/index.html). This dataset includes various biological features and diagnostic results of breast cancer patients and is one of the commonly used datasets in machine learning and data analysis.
The breast cancer dataset was originally provided by Dr. William H. Wolberg from the University of Wisconsin-Madison and made publicly available through the UCI Machine Learning Repository [3]. The `sklearn` library integrates this dataset into the library, making it convenient for users to use.
The dataset consists of 569 samples with 30 continuous features and a binary target variable, where 0 indicates benign and 1 indicates malignant. The dataset is complete with no missing values. It is also balanced, with 62.7% of the samples being malignant and 37.3% being benign. [3]
The dataset has several samples, each including a range of nuclear properties, including radius, texture, perimeter, area, smoothness, compactness, concavity, concave spots, symmetry, and fractal dimension. The characteristics are quantified using three parameters: the mean, the standard error, and the worst (biggest) value [3].
The dataset provided by sklearn has several advantages. Firstly, it has been pre-processed and standardized, making it convenient for direct use. Secondly, the dataset is complete with no missing values, which reduces the complexity of data pre-processing. Additionally, this dataset is widely used in the field of machine learning, providing a good benchmark for comparison with other studies. Ultimately, this dataset's application scenario is important since it promotes early breast cancer diagnosis and identification, laying the groundwork for further research in this area. [4]
2.2. Prediction Methods
This study employs three algorithms for breast cancer prediction: Support Vector Machine (SVM), Naïve Bayes (NB), and Logistic Regression (LR). 
The Support Vector Machine (SVM) is a popular supervised learning model used for both classification and regression research. The goal of the support vector machine technique is to identify a hyperplane in an N-dimensional space (where N is the number of features) that effectively separates the data points into various classes [9]. SVM is particularly suitable for high-dimensional data as it effectively handles complex classification problems. Studies have shown that SVM exhibits high accuracy and reliability in breast cancer prediction. For instance, Related studies have demonstrated that SVM has a high accuracy rate in breast cancer prediction [5]. In this study, SVM was chosen due to its advantages in handling high-dimensional data and providing accurate classification results.
Naive Bayes (NB) is a classification technique that relies on Bayes' theorem and assumes that the characteristics are conditionally independent. Although this assumption does not always hold true in reality, Naive Bayes performs well in many classification problems, especially when dealing with large-scale, high-dimensional datasets. The Naïve Bayes classifier is a straightforward and efficient classification technique that facilitates the quick building of machine learning models with fast prediction capabilities [10, 11]. Research has shown that Naive Bayes is also effective in predicting breast cancer, especially when it comes to computational economy and processing speed. Research has indicated that when compared to random forest, support vector machine (SVM), and k-nearest neighbor (knn) algorithms, the Naive Bayes algorithm showed a comparatively greater predictive value (P < 0.05) [6]. Naive Bayes was chosen due to its efficiency in handling large datasets and its robustness to feature dimensionality.
Logistic Regression (LR) is a statistical model used to solve binary classification issues. It calculates the values of parameters by optimizing the likelihood function. Logistic Regression offers good interpretability and computational efficiency, making it widely used in medical prediction. Studies have shown that Logistic Regression also performs well in breast cancer prediction, with results that are easy to interpret and capable of rapidly processing large datasets. For instance, research indicates that using Logistic Regression for breast cancer prediction yields high accuracy and specificity [5]. Logistic Regression was chosen in this study due to its efficiency and the interpretability of its results, providing strong support for breast cancer prediction.
2.3. Experimental Procedure and Results Analysis
2.3.1 Data Preprocessing
Data preprocessing is a crucial step in a machine learning project. It ensures the quality and consistency of the data, providing a solid foundation for model training. In this study, the data preprocessing steps are as follows:
(1) Loading the Dataset:
We used the breast cancer dataset, which contains 569 samples, each with 30 features, and a target variable (0 indicates benign, 1 indicates malignant).
(2) Standardization:
The dataset contains features with different scales. In order to enhance the rate at which the model training process reaches a stable state and to ensure its stability, we used data standardization. Standardization means adjusting each feature to have a mean of 0 and a standard deviation of 1. We used ‘StandardScaler’ for this process.
(3) Splitting the Dataset:
To evaluate the model's performance, we split the dataset into a training set and a test set, with a ratio of 80% to 20%. The training set is used to train the model, while the test set is used to evaluate the model's generalization ability.
(4) Feature Engineering
In this study, all features in the dataset are numerical, so no additional feature engineering steps were required. The standardization process has already ensured that all features are on the same scale.
2.3.2 Training
First, we chose Support Vector Machine (SVM) as our classification model. SVM is a powerful supervised learning algorithm suitable for binary classification problems and performs particularly well in high-dimensional spaces.
To optimize the performance of the SVM model, we used Grid Search and Cross-Validation to tune the hyperparameters. Hyperparameters are parameters that need to be set before the training process and cannot be learned from the data. Key hyperparameters for SVM include C (regularization parameter), kernel (type of kernel function), and gamma (kernel coefficient).
Grid Search is a systematic approach that exhaustively searches through a specified parameter grid to find the optimal combination of hyperparameters. 
Next, we chose Naive Bayes (NB) as our classification model. Naive Bayes is a simple but powerful classification technique, especially well-suited for data with a large number of dimensions. We used Gaussian Naive Bayes for model training. Gaussian Naive Bayes is appropriate for continuous feature data, assuming that each feature follows a Gaussian distribution.
Finally, we chose Logistic Regression as our classification model. Logistic Regression is a widely used linear classification algorithm suitable for binary classification problems.
We used Logistic Regression for model training. To ensure the model converges adequately, we set ‘max_iter’=10000.
3. Results Analysis
3.1. Confusion Matrix and Classification Report
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Figure 1. SVM
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Figure 2. NB
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Figure 3. LR
Fig. 1 illustrates that 41 benign samples were accurately identified as benign (True Negatives), 2 benign samples were erroneously identified as malignant (False Positives), 71 malignant samples were accurately identified as malignant (True Positives), and there were no instances where malignant samples were mistakenly identified as benign (False Negatives).
According to Fig. 2, there were 40 samples that were correctly identified as benign (True Negatives), 3 samples that were incorrectly identified as malignant when they were actually benign (False Positives), 70 samples that were correctly identified as malignant (True Positives), and 1 sample that was incorrectly identified as benign when it was actually malignant (False Negatives).
According to Fig. 3, there were 41 benign samples correctly identified as benign (True Negatives), 2 benign samples incorrectly identified as malignant (False Positives), 70 malignant samples correctly identified as malignant (True Positives), and 1 malignant sample incorrectly identified as benign (False Negatives).
3.2. Accuracy
Table 1. SVM
	Class
	Precision
	Recall
	F1-score
	Support

	0 (Benign)
	1.00
	0.95
	0.98
	43

	1 (Malignant)
	0.97
	1.00
	0.99
	71

	Overall Accuracy
	0.98
	-
	-
	114


Table 2. NB
	Class
	Precision
	Recall
	F1-score
	Support

	0 (Benign)
	0.98
	0.93
	0.95
	43

	1 (Malignant)
	0.96
	0.99
	0.97
	71

	Overall Accuracy
	0.96
	-
	-
	114


Table 3. LR
	Class
	Precision
	Recall
	F1-score
	Support

	0 (Benign)
	0.98
	0.95
	0.96
	43

	1 (Malignant)
	0.97
	0.99
	0.98
	71

	Overall Accuracy
	0.97
	-
	-
	114


As shown in Table 1, Table 2, and Table 3, the overall accuracy of the SVM algorithm is the highest at 98%, followed by the Logistic Regression algorithm at 97%, and the Naive Bayes algorithm at 96%. This indicates that the SVM algorithm is more capable of correctly classifying benign and malignant breast cancer samples overall.
For benign samples, the precision of the SVM algorithm is 1.00, significantly higher than the other two algorithms, indicating no false positives in benign sample classification. Logistic Regression and Naive Bayes algorithms have precisions of 0.98 and 0.98 for benign samples, respectively. For malignant samples, the precision of the SVM algorithm is 0.97, which is comparable to Logistic Regression's 0.97 and slightly better than Naive Bayes' 0.96.
The SVM algorithm excels in classifying malignant samples with a recall of 1.00, meaning all malignant samples are correctly identified with no false negatives. In contrast, both the Naive Bayes and Logistic Regression algorithms have recalls of 0.99, each misclassifying one malignant sample as benign. This suggests that in clinical diagnosis, the SVM algorithm excels in minimizing missed diagnoses. For benign samples, SVM and Logistic Regression have recalls of 0.95, while Naive Bayes has a recall of 0.93.
The SVM algorithm has the highest F1-scores for both classes, 0.98 (benign) and 0.99 (malignant). The Logistic Regression algorithm also shows high F1-scores of 0.96 (benign) and 0.98 (malignant). The Naive Bayes algorithm has slightly lower F1-scores of 0.95 (benign) and 0.97 (malignant).
The SVM algorithm has the lowest false positive rate at 4.65% and no false negatives. The Logistic Regression algorithm also has a false positive rate of 4.65% and a false negative rate of 1.41%. The Naive Bayes algorithm has the highest false positive rate at 6.98% and a false negative rate of 1.41%. This shows that the SVM algorithm excels in minimizing both false positives and false negatives.
3.3. Overall Conclusion
The SVM algorithm performs the best with the highest accuracy, precision, recall, and F1-scores, providing significant advantages in practical applications. SVM has no false positives in classifying benign samples and no false negatives in classifying malignant samples, which is crucial for breast cancer prediction, minimizing the risk of misdiagnosis and missed diagnoses.
The Logistic Regression algorithm follows closely, showing good balance. It maintains a low false positive rate while ensuring high recall and precision, making it suitable for applications requiring both computational efficiency and classification performance. Logistic Regression shows high accuracy and reliability in classifying both benign and malignant samples, with only one missed diagnosis in malignant samples, indicating its reliability in practical applications.
Although the Naive Bayes algorithm falls slightly short in some metrics, its simple and efficient computation offers unique advantages in specific conditions. The algorithm has a higher false positive rate in classifying benign samples but performs well in classifying malignant samples, making it suitable for rapid prototyping and preliminary screening.
Overall, the SVM algorithm is the optimal choice for breast cancer prediction, especially for tasks requiring high accuracy and reliability. The Logistic Regression algorithm is a reliable alternative, offering a good balance between precision and efficiency. Despite its slightly weaker performance, the Naive Bayes algorithm's computational efficiency and adaptability make it valuable for rapid prototyping and preliminary screening.
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[bookmark: OLE_LINK4]Figure 4. The precision-recall curve of (a) SVM, (b) NB and (c) LR
[bookmark: OLE_LINK3]The Precision-Recall curve (AUC) for SVM has an area under the curve of 0.9726, as shown in Fig. 4(a). Both Precision and Recall remain at a high level, and the curve is close to the ideal 1.0. This indicates that SVM performs with very high precision and recall when handling the breast cancer dataset, showing excellent overall performance.
The area under the Precision-Recall curve (AUC) for Naive Bayes is 0.9542, as seen in Fig. 4(b). Although the overall performance is good, Precision slightly decreases at higher Recall levels. This suggests that while Naive Bayes performs well with the breast cancer dataset, precision can be somewhat lower in certain cases.
The precision-recall curve (AUC) for logistic regression has an area under the curve (0.9673) of Fig. 4(c). Precision and Recall mostly remain at high levels, and the curve is close to the ideal 1.0, though slightly lower than SVM. This indicates that Logistic Regression also exhibits high precision and recall in handling the breast cancer dataset, performing closely to SVM.
Comparing the Precision-Recall curves of the three algorithms, we can draw the following conclusions: Support Vector Machine (SVM) exhibits the best performance in breast cancer prediction, with an AUC of 0.9726, indicating very high levels of both Precision and Recall. The SVM curve is closest to the ideal state, showing high precision while maintaining a high recall rate.
Logistic Regression follows closely with an AUC of 0.9673. Although slightly lower than SVM, its performance is still very close to the ideal state. Logistic Regression also maintains high precision with a high recall rate, demonstrating good performance in breast cancer prediction.
Naive Bayes has an AUC of 0.9542, which is slightly lower than the previous two. Despite this, its performance is still good. Naive Bayes shows a slight decrease in precision at higher recall rates but overall provides reliable prediction results.
In conclusion, the SVM algorithm performs the best in breast cancer prediction, followed by Logistic Regression, and Naive Bayes also demonstrates good performance. For breast cancer prediction tasks, both SVM and Logistic Regression are effective algorithm choices, with SVM being particularly outstanding in scenarios requiring high precision and recall.
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Figure 5. ROC curve of (a) SVM, (b) NB and (c) LR
[bookmark: OLE_LINK5]The Fig.5(a) shows the ROC curve for the Support Vector Machine (SVM) model, with an Area Under the Curve (AUC) of 0.9767. This high AUC value, close to 1, indicates that the SVM model has excellent performance in distinguishing between positive and negative samples.
The Fig.5(b) shows the ROC curve for the Naive Bayes model, with an Area Under the Curve (AUC) of 0.9581. Although the AUC value is slightly lower than that of the SVM model, it is still very close to 1, indicating that Naive Bayes performs quite well in distinguishing between positive and negative samples.
The Fig.5(c) shows the ROC curve for the Logistic Regression model, with an Area Under the Curve (AUC) of 0.9697. This high AUC value, second only to SVM and higher than Naive Bayes, indicates strong classification performance.
Among the three models, the Support Vector Machine (SVM) has the highest AUC value of 0.9767, making it the best performer. Logistic Regression comes next with an AUC of 0.9697, followed by Naive Bayes, which still shows good performance with an AUC of 0.9581. Overall, all three models perform excellently in breast cancer prediction, with SVM being the best.
4. Conclusion
This research examined the use of three machine learning algorithms—Support Vector Machine (SVM), Naive Bayes (NB), and Logistic Regression (LR)—for the purpose of predicting breast cancer. The examination of a dataset on breast cancer demonstrated that the SVM algorithm had a notable edge in managing data with a large number of dimensions, displaying the utmost accuracy, precision, and recall. The LR algorithm demonstrated substantial practical value in clinical applications due to its interpretability and computational efficiency. In contrast, the NB algorithm, while advantageous in computational efficiency, showed some limitations in handling highly correlated features.
Based on these findings, we recommend prioritizing the SVM algorithm for breast cancer detection scenarios requiring high accuracy. The LR algorithm serves as a viable alternative, providing a ons needing both. The NB algorithm is well-suited for rapid prototyping and preliminary screening. Future research could focus on enhancing model robustness through ensemblegood balance between computational efficiency and classification performance, suitable for applicati learning methods and exploring advanced feature selection and data preprocessing techniques to improve overall prediction performance.
This work provides pragmatic recommendations by conducting a comparative analysis of several machine learning algorithms for the prediction of breast cancer. The results not only emphasize the capability of machine learning in analyzing medical data, but also provide valuable information for enhancing the accuracy of early breast cancer identification. This may lead to a decrease in breast cancer deaths and an improvement in the quality of life for patients.
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