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Abstract 

 

Indonesia is an archipelago with the fourth largest population in the world, with a population of 283 million. In Indonesia, breast cancer 

ranks first in cancer and is the highest contributor to death. Deaths caused by breast cancer can be minimized by screening and early 

detection to avoid the risk of more severe cancer. Early detection of breast cancer can delay the growth of cancer cells and increase the 

chances of recovery. This research proposed a machine learning-based application for screening and early detection of breast cancer 

independently based on perceived symptoms. However, developing breast cancer early detection applications requires a very high level 

of accuracy to minimize prediction errors. This research focused on finding the optimal accuracy of the machine learning method so 

that it could predict breast cancer with a very low error rate. This research aimed to improve the performance of classification methods 

in breast cancer disease prediction using the correlation feature selection approach and hybrid sampling Smote-Tomek Link. This 

research utilized Support Vector Machine (SVM) and Naive Bayes classification methods with a combination of Smote-Tomek Link 

hybrid sampling approach and correlation feature selection. Hybrid Sampling Smote-Tomek Link balanced the data by minimizing 

noise in the data created. At the same time, the correlation feature selection method was used to select relevant or influential attributes 

with class attributes based on a strong correlation level (≥ 0.6) between input attributes and classes. The results of this study obtained 

that the SVM method with hybrid sampling and correlation feature selection obtained the best performance compared to the Naive 

Bayes method and previous research referred to with an accuracy of 96.80%, sensitivity of 96.80%, and specificity of 96.80%. Thus, 

using the Smote-Tomek Link hybrid sampling approach and correlation feature selection positively impacted the performance increase 

in the SVM and Naive Bayes methods for breast cancer prediction. 
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1. Introduction 

 

Indonesia is an archipelago with the fourth largest population in the world, with a population of 283 million. In Indonesia, breast 

cancer ranks first in cancer [1] and is the highest contributor to death [2]. The number of breast cancer deaths is very high, influenced 

by several factors such as late treatment of cancer patients and delayed early detection. In contrast, the mortality rate of breast cancer 

can be minimized by screening and early detection to avoid the risk of more severe cancer. Delayed treatment is caused by a lack of 

public knowledge about breast cancer and not early detection. Early detection is an effort to examine people who have felt the symptoms 

as early as possible so that action can be taken quickly and precisely. Early detection of breast cancer can delay the growth of cancer 

cells and increase the chances of recovery. Therefore, the solution offered by this research is to create a machine learning-based 

application for screening and early detection of breast cancer independently based on perceived symptoms. However, developing breast 

cancer early detection applications requires a very high level of accuracy to minimize prediction errors. This research focuses on finding 

the optimal accuracy of the machine learning method so that it can predict breast cancer with a very low error rate.    

Similar research has predicted breast cancer using various approaches such as the Artificial Neural Network (ANN) method [3, 4],  

XGBoost [5, 6], Recurrent Neural Network (RNN) with RFE feature selection [7], SVM [8, 9], XGBoost with Pearson Correlation 

feature selection [10] , Random Forest and Logistic Regression with Variance Inflation Factor (VIF) feature selection [11] , Logistic 

Regression and SVM with feature selection [12] , Logistic Regression with Chy Square feature selection [13] , Logistic Regression 

[14] , Convolutional Neural Network (CNN) [15-17] , Deep Neural Network [18] , Deep Learning with feature selection [19] . 

Based on the previous research above, feature selection approaches are already used to improve accuracy and speed up computation 

time. However, previous research does not address the problem of unbalanced data on breast cancer datasets which can cause 

classification methods to favor the prediction of majority classes over minority classes. Therefore, this study solves the problem of 

unbalanced data and selecting relevant features using feature selection to improve the accuracy of classification methods. The method 

of resolving unbalanced data uses the Smote-Tomek Link hybrid sampling approach because it can reduce data noise in the resulting 

synthetic data [20-22]. In contrast, the feature selection method used is Pearson correlation to select influential attributes because it can 

increase the accuracy of the classification method [23, 24] . 
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This research aims to improve the performance of classification methods in breast cancer disease prediction using the correlation 

feature selection approach and hybrid sampling Smote-Tomek Link. 

 

2. Materials and methods 

 

2.1 Materials  

 

This study uses a breast cancer dataset obtained from Kaggle. The number of instances in the breast cancer dataset is 569, with 30 

input attributes and 1 output attribute with two class categories, namely Benign and Malignant (See Table 1). The attributes owned by 

the breast cancer dataset are radius_mean, texture_mean, perimeter_mean, area_mean, smoothness_mean, compactness_mean, 

concavity_mean, concave points_mean, symmetry_mean, fractal_dimension_mean, radius_se, texture_se, perimeter_se, area_se, 

smoothness_se, compactness_se, concavity_se, concave points_se, symmetry_se, fractal_dimension_se, radius_worst, texture_worst, 

perimeter_worst, area_worst, smoothness_worst, compactness_worst, concavity_worst, concave points_worst, symmetry_worst, 

fractal_dimension_worst, Class. 

 

Table 1 Breast cancer disease sample data 

 

No Radius_Mean  Texture_Mean ….. Symmetry 

Worst 

Fractal 

Dimension Worst 

Diagnosis 

1 17.99  10.38 …. 0.4601 0.1180 Benign 

2 20.57  17.77 …. 0.275 0.08902 Benign 

3 19.69  21.25 …. 0.3612 0.08758 Benign 

4 11.42  20.38 …. 0.6638 0.173 Benign 

5 20.29  14.34 …. 0.2364 0.07678 Benign 

6 12.45  15.7 …. 0.3985 0.1244 Benign 

7 18.25  19.98 …. 0.3063 0.08368 Benign 

8 13.71  20.83 …. 0.3196 0.1151 Benign 

9 13  21.82 …. 0.4378 0.1072 Benign 

10 12.46  24.04 …. 0.4366 0.2075 Benign 

 ….  …… ….. ….. …… ….. 

560 11,51  23.93 …. 0.2112 0.08732 Malignant 

561 14.05  27.15 …. 0.225 0.08321 Malignant 

562 11.2  29.37 …. 0.1566 0.05901 Malignant 

563 15.22  30.62 …. 0.4089 0.1409 Benign 

564 20.92  25.09 …. 0.2929 0.09873 Benign 

565 21.56  22.39 …. 0.206 0.07115 Benign 

566 20.13  28.25 …. 0.2572 0.06637 Benign 

567 16.6  28.08 …. 0.2218 0.0782 Benign 

568 20.6  29.33 …. 0.4087 0.124 Benign 

569 7.76  24.54 …. 0.2871 0.07039 Malignant 

 

2.2 Data preprocessing  

 

The breast cancer dataset has the problem of unbalanced data and a large number of attributes. The number of Benign classes (355 

instances) is more than the Malignant class (214 instances). This can cause machine learning methods to ignore the minority class and 

prioritize the majority class so that the prediction results are biased. Therefore, data preprocessing is needed to improve data quality 

and machine learning methods' performance. This research uses data preprocessing techniques to balance classes on breast cancer 

datasets using a data sampling approach. The data sampling used is the Smote-Tomek Link method. SMOTE-Tomek Link is a method 

that combines SMOTE (Synthetic Minority Over-sampling Technique) and Tomek Link techniques to handle data imbalance in 

classification problems. SMOTE is used to oversample the minority class by creating synthetic samples. In contrast, Tomek Link 

removes samples close to each other between the minority and majority classes (noise). SMOTE-Tomek Link aims to reduce data 

imbalance by reducing noise samples and increasing the number of samples in the minority class with synthetic samples. Combining 

SMOTE and Tomek Link can improve the performance of machine learning models on imbalanced datasets.  

The Smote method was proposed by [25] aims to create artificial data between minority classes based on the distance of nearest 

neighbors by means of linear interpolation until the data is balanced. The Smote method creates artificial data in two steps, namely 

first, calculate the distance of k nearest neighbors to the Euclidean distance between the considered sample and the identified sample. 

After that, multiply by a randomly generated number between 0 and 1, then add the resulting artificial sample. Meanwhile, the Tomek 

Link method is an under sampling method developed by [26] to delete majority data samples that are close to minority data using 

nearest neighbors to select the majority instances to be deleted. Tomek Link aims to remove noise data at the majority and minority 

class decision boundaries which can complicate the classification process. 

Moreover, the number of attributes in the breast cancer dataset is so large that it can reduce the performance of the classification 

method. Therefore, this study uses a correlation-based feature selection approach to select influential features in the breast cancer 

dataset. The correlation-based feature selection (CFS) method selects features on the dataset based on the level of correlation between 

input and output attributes. The formula for calculating correlation uses Equation (1), while the level of correlation strength is shown 

in Table 2. 
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𝑟 =  
𝑛.(∑ 𝑋𝑌)−(∑ 𝑋).(∑ 𝑌)

√(𝑛.∑ 𝑋2−(∑ 𝑋)2)√(𝑛.∑ 𝑌2−(∑ 𝑌)2)
                                                         (1) 

 

r is the correlation coefficient value, while n is the amount of data. ∑XY is the total of the multiplication of variable X with variable 

Y. ∑X is the total of variable X, ∑Y is the total of variable Y. ∑X2 is the total of the X variables squared, (∑X)2 is the square of the 

total X variable. ∑Y2 is the total of the squared Y variable, while (∑Y)2 is the square of the total Y variable. 

 

Table 2 Correlation level 

 

Coefficient Range Correlation Strength 

0 – 0.19 Very Low 

0.2 – 0.29 Low 

0.4 – 0.59 Adequate 

0.6 – 0.79 Strong 

0.8 – 1 Very Strong 

 

2.3 Machine learning implementation  

 

This research uses machine learning methods for breast cancer prediction, namely SVM and Naive Bayes methods. The Naive 

Bayes method is one of the classification methods based on Bayes' Theorem, assuming that all features or attributes used are 

conditionally independent. The Naive Bayes method is naive because the values of the features are independent of each other if the 

class is known. The Naive Bayes method calculates the probability of a class (label) based on the associated features. The Naive Bayes 

method is relatively simple and efficient in data processing and classification. Despite its naive assumptions, this method often gives 

good results in many applications. While the SVM (Support Vector Machine) method is a machine learning algorithm used for 

classification. The working concept of the SVM method involves separating data into feature spaces by finding the best hyperplane 

that separates two classes with maximum distance. The SVM method can work on both linear and non-linear data. If the data is not 

linearly separable in the feature space, SVM uses kernel techniques to project the data into a high-dimensional feature space. The kernel 

trick allows SVM to tackle the linear non-separable problem without explicitly projecting the data into a higher feature space. This 

saves computational time and avoids very high dimensionality. Some of the commonly used kernels in SVM include linear kernel, 

polynomial kernel, Gaussian kernel (RBF), sigmoid kernel, and radial basis function (RBF) kernel. The SVM method has the advantage 

of handling complex data and has limitations in large amounts of data. In addition, SVM can also use different kernels to adjust to the 

characteristics of the data. However, SVM also has disadvantages in computational performance when faced with very large datasets. 

 

2.4 Performance testing  

 

This research uses model performance testing with a confusion matrix table. The confusion matrix table describes the model's 

performance by comparing the model's prediction with the actual value of the observed data. The confusion matrix contains four values, 

namely true positive (TP), true negative (TN), false positive (FP), and false negative (FN). This research uses several performance 

measurement metrics on the implemented model: accuracy, sensitivity, and specificity. Accuracy is used to see the ratio between the 

number of correct predictions (true positives and true negatives) and the total number of samples. Sensitivity measures the accuracy of 

predicting the positive class (true positives). This metric is important when we want to minimize the number of false negatives (positive 

cases that are misclassified as negative). While specificity measures the accuracy of predicting the negative class (true negatives). The 

calculation formulas for accuracy, sensitivity or recall, specificity, precision, F1 score, and AUC are shown in Formulas (2), (3), (4), 

(5), (6),and (7) [27, 28]. 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦  =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
                                                                                   (2) 

 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦/𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
                                                      (3) 

 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
                                                       (4) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
                                                       (5) 

 

𝐹1 𝑠𝑐𝑜𝑟𝑒 =
2 ∗ (𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙)

(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+ 𝑅𝑒𝑐𝑎𝑙𝑙)
                                                        (6) 

 

𝐴𝑈𝐶         =
𝑅𝑒𝑐𝑎𝑙𝑙  + 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦

2
                                                        (7) 

 

3. Results  

 

This section describes the research results obtained according to the previous research stages. Breast cancer disease data has several 

shortcomings, namely unbalanced data and a large number of attributes. Unbalanced data and many attributes in the data can reduce 

the performance of SVM and Naïve Bayes methods. Therefore, this research uses data sampling, and feature selection approaches on 

breast cancer datasets to improve the performance of classification methods. Resolving unbalanced data in breast cancer data using the 

Smote-Tomek Link method. The results of breast cancer data balancing are shown in Figure 1.  
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Figure 1 Breast cancer data distribution before and after Smote-Tomek Link 

 

Breast cancer data has many attributes, namely 30 attributes. So it needs to select influential features to improve the performance 

of the method used. This research uses a correlation-based feature selection approach to select relevant attributes. The selected attribute 

is the attribute that has a higher correlation value of 0.6, because it is in the strong correlation range [29]. Based on Figure 2, the number 

of input the attribute that has a higher correlation value of 0.6 is 11 attributes such as the radius mean, perimeter mean, area mean, 

compactness mean, concavity mean, concave points mean, radius worst perimeter worst, area worst, concavity worst, and concave 

points worst. 
 

 
 

Figure 2 Correlation between attributes on breast cancer dataset 

 

This research uses SVM and Naive Bayes methods for breast cancer prediction. The data is first divided into training and testing 

data using 10-Fold Cross-Validation. The prediction results are evaluated using a confusion table based on accuracy, sensitivity, and 

specificity. The test results of SVM and Naive Bayes methods on breast cancer prediction are shown in Table 3. Based on Table 3, the 

SVM method with Smote-Tomek Link and correlation feature selection correctly predicted the benign class in 338 out of 349 instances. 

In comparison, the Malignant class correctly predicted as many as 338 out of 349 instances. While the Naive Bayes method with Smote-

Tomek Link and correlation feature selection managed to predict the benign class correctly in as many as 335 out of 349 instances, 

while the Malignant class was correctly predicted in as many as 328 out of 349 instances. Table 3 shows that the SVM method with 

Smote-Tomek Link and correlation feature selection predicts Benign and Malignant classes best compared to Naive Bayes with Smote-

Tomek Link and correlation feature selection. 
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From the confusion matrix results of SVM and Naive methods, performance metrics such as accuracy, sensitivity, and specificity 

can be calculated, as shown in Table 4. In Table 4, the highest performance is obtained by the SVM method with Smote-Tomek Link 

and correlation feature selection with an accuracy of 96.80%, sensitivity of 96.80%, and specificity of 96.80%. While the Naive Bayes 

method with Smote-Tomek Link and correlation feature selection with an accuracy of 95.00%, sensitivity of 94.00%, and specificity 

of 96.00%. Using the Smote-Tomek Link hybrid sampling approach and feature selection can improve accuracy, sensitivity, and 

specificity in the SVM and Naive Bayes methods. However, the sensitivity metric with the highest rate of increase is the sensitivity 

part [30], where the SVM method with Smote-Tomek Link and correlation feature selection obtained an increased rate of 6.80%, while 

the Naive Bayes method with Smote-Tomek Link and correlation feature selection obtained an increased rate of 7.20%. In the accuracy 

metric, there is also an increase, but not too high, as the SVM method with Smote-Tomek Link and correlation feature selection 

obtained 2.80%, while the Naive Bayes method with Smote-Tomek Link and correlation feature selection obtained 2.40%. 

 

Table 3 Confusion metric results of SVM and Naïve Bayes methods 

 

Methods  Data Sampling Feature Selection Benign Malignant  

 

SVM 

 
 

Original 

- 
344 13 Benign 

 21 191 Malignant 

 
Correlation 

344 13 Benign 

  16 196 Malignant 

 
 

Smote-Tomek Link 

- 
335 14 Benign 

 12 337 Malignant 

 
Correlation 

338 11 Benign 

   11 338 Malignant 

 

Naïve Bayes 

 
 

Original 

- 
343 14 Benign 

 28 184 Malignant 

 
Correlation 

343 14 Benign 

  20 192 Malignant 

 

Smote-Tomek Link 

- 
339 10 Benign 

 26 323 Malignant 

 
Correlation 

335 14 Benign 

  21 328 Malignant 

 

Table 4 Experimental results of SVM and Naive Bayes methods 

 

Methods Data Sampling Feature Selection Accuracy Sensitivity Specificity AUC 

 

SVM 

Original 
- 94.00% 90.00% 96.40% 93.20% 

Correlation 95.00% 92.50% 96.40% 94.40% 

Smote-Tomek Link 
- 96.30% 96.60% 95.90% 96.30% 

Correlation 96.80% 96.80% 96.80% 96.80% 

Naïve Bayes 

Original 
- 92.60% 86.80% 96.10% 91.40% 

Correlation 94.00% 90.60% 96.10% 93.30% 

Smote-Tomek Link 
- 94.80% 92.60% 97.10% 94.80% 

Correlation 95.00% 94.00% 96.00% 95.00% 

 

4. Discussion 

 

On average, the SVM method is better than the Naïve Bayes method in the aspect of performance metrics used in breast cancer 

disease prediction based on test results. The results of this study need to be compared with several previous studies referred to in order 

to see the level of contribution of the proposed method (See Table 5). Based on Table 5, the proposed method gets a better accuracy 

rate than previous research, with an accuracy of 96.80%. In general, the use of data sampling and feature selection approaches can 

improve the accuracy of the classification method [31-34]. 

 

Table 5 Comparison of the results of this research with previous research 

 

No Author Methods Scope of Study Accuracy Recall F1 score Precision 

1 Assegie [35] K-Nearest Neighbor  

 

 

 

Breast Cancer 

94.35% - - - 

2 Kurian and Jyothi [36] Decision Tree 94.03% 94.00% 94.00% 94.00% 

3 Alfian et al. [37] SVM 80.23% 78.57% - 82.71% 

4 Iparraguirre-Villanueva et al. [9] SVM 93.00% 93.00% 93.00% 93.00% 

5 Imran et al. [38] Random Forest 96.00% 96.00% 96.00% 96.00% 

6 Enriko et al. [39] KNN 77.98% - - - 

7 Anklesaria [40] SVM 95.80% - - - 

8 Telsang and Hegde [41] SVM 96.20% - - - 

9 Rabiei et al. [42] Random Forest 80.00% 95.00% - - 

10 The Proposed Research SVM + Smote-Tomek Link 

+ Correlation 

96.80% 96.80% 96.80% 96.80% 
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 This research will also be evaluated using a statistical approach using R square, R adjusted value, and SE to evaluate the 

performance of classification method used (See in Table 6). Based on Table 6, the use of the Smote-Tomek Link approach and 

correlation-based feature selection makes the machine learning method's performance more stable and prevents overfitting. Where the 

difference in values between R Square and R Adjusted in the SVM and Naive Bayes methods is exceedingly small using the Smote-

Tomek Link data sampling approach and correlation-based feature selection. The SVM method obtained an R Square of 83.50% and 

an Adjusted R of 80.40% with a difference of 3.10%. Meanwhile, the Naïve Bayes method obtained an R Square of 75.10% and 

Adjusted R of 70.30% with a difference of 4.80%. 

 

Table 6 Performance evaluation of classification methods based on R square, R adjusted, and SE 

 

Methods Data Sampling Feature Selection R square R adjusted SE 

SVM 

Original 
- 81.60% 60.30% 19.00% 

Correlation 79.00% 74.00% 20.00% 

Smote-Tomek Link 
- 86.10% 75.30% 17.80% 

Correlation 83.50% 80.40% 18.30% 

Naïve Bayes 

Original 
- 73.00% 41.50% 23.30% 

Correlation 73.00% 66.60% 24.00% 

Smote-Tomek Link 
- 72.70% 51.50% 23.90% 

Correlation 75.10% 70.30% 24.10% 

 

5. Conclusions 

 

This research proposes a framework for classification of imbalanced data in breast cancer data with Smote-Tomek Link and 

correlation-based feature selection. The Smote-Tomek Link algorithm is used to balance data and Correlation is used to select relevant 

attributes in breast cancer data. The proposed approach for resolving imbalanced data and selecting attributes in breast cancer data uses 

accuracy, sensitivity and AUC testing. The results showed that the performance of the classification method increased. The SVM 

method achieved an accuracy of 96.80%, sensitivity 96.80%, and AUC 96.80%. Meanwhile, the Naïve Bayes method achieved an 

accuracy of 95.00%, sensitivity of 94.00%, and AUC of 95.00%. The future research can use an ensemble learning approach to improve 

the performance of classification methods for breast cancer disease prediction. Not only that, but it is also necessary to conduct attribute 

correlation analysis using canonical correlation analysis. 
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