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1. Introduction

Breast cancer is the most common type of cancer affecting women, and has the second highest
mortality rate after other cancers [1] [2]. Cancer is a big challenge for humans because it can affect
various organs of the body. Breast cancer can strike at all ages [3] [4]. According to the World
Health Organization (WHO) there are around 7 million breast cancer patients each year, with about
5 million of them dying. Based on Globocan 2018 data, the death rate from breast cancer averages
17 per 100,000 people with incidents of 2.1 per 100,000 people attacking women in Indonesia [5].
Breast cancer can cause the spread of genetic mutations in DNA from breast epithelial cells that
spread to the ducts. Breast cancer can be prevented by doing breast self-examination (BSE) [6].

Breast cancer in several studies using data mining has been proven to be predictable and
classifiable [7] [8] [9] [10] [11]. Data mining is used to find patterns, correlations, trends in
processing large amounts of data [12]. Previously, in Athalla et al's study, the K-Nearest Neighbor
method was used to classify breast cancer. In this study using the Minkowski method to calculate
the closest distance to the object. This study produces an accuracy of 93% by applying the K Nearest
Neighbor method [13]. Breast cancer is generally divided into two types, namely benign and
malignant [14]. Benign cancer is generally characterized by a small lump, round and feels soft.
While malignant cancer is generally characterized by breast shape that is asymmetrical, rough, and
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causes pain [15]. Early detection of breast cancer is very important in reducing the high risk of
death. The Indonesian government itself even made a program regarding early detection of breast
cancer [16]. Based on the results of previous studies, this research needs to be carried out to classify
the type of cancer (benign or malignant) that is suffered. This will help facilitate fast and appropriate
treatment of breast cancer patients.

2. Method

In this study, to classify the types of breast cancer (benign or malignant) the methods used are
Support Machine Learning and Logistic Regression. The flowchart of this research can be seen in
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2.1. Data Collection

The dataset used in this study comes from Breast cancer predictions | Kagglewhich is available in
.csv format, with a total of 569 data and consists of 32 attributes. This dataset contains diagnostic
attributes that distinguish between benign and malignant cancers. In addition, other attributes of this
dataset are divided into three features, namely Mean (average), Standard deviation (se), and worst
(waorst). Each column in the feature has various sizes consisting of radius, texture, perimeter, area,
smoothness, compactness, concavity, concave points, symmetry, and fractal dimensions.

2.2. Pre-Processing
As forsome of the techniques applied at this stage are described as follows;

a. Changing Data Type

The data type change phase is carried out by changing the 'object' data type to ‘category' to
make it easier to read the data.

b. Feature Selection

At this stage, the feature-based correlation technique is used to perform feature selection.
This application of feature selection helps to find subsets of original features by taking different
approaches based on information [17] [8]. Function of feature selectionused to see the
relationship between one attribute and other attributes in the dataset.

c. Cleaning data

The data cleaning carried out in this study was used to overcome data from noisy, outliers,
missing values and duplication of data, so that the data is ready for use in the next stage [18]
[19].

d. Data Normalization

This data normalization stage is used to eliminate scale differences between attributes. The
method used for data normalization is the Min-max scaling method [20].
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e. Data Transformation

Data transformation in this study was carried out to change categorical data into numerical
data, so that the data would be easy to process for modeling data. The technique used in this
research is label encoding [21].

2.3. Implementation
a. Smote Technique

Synthetic Minority Oversampling Technique(SMOTE) is a preprocessing algorithm that is
generally used to overcome data imbalance problems [22].

b. SVM

Support Vector Machine (SVM) is a method used to solve classification and regression
problems. However, SVM is better known and more widely used in a classification context [23]
[24]. SVM serves to find the best hyperplane (separator) that can separate the two classes and
maximize the distance between the two classes [25] [26]. SVM is divided into two categories,
namely linear SVM and non-linear SVM. Linear SVM is used when data can be separated
linearly using hyperplanes with soft margins. Meanwhile, non-linear SVM involves using kernel
functions to transform a feature space into a higher dimensional space [27] [28].
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Fig. 2. SVM Linear and Non Linear

c. Logistics Regression

Logistic Regression Algortihm is used to perform classification by predicting the
possibility of an event that will occur or not. This classification process can occur if the
dependent variable is a dichotomous variable. Where dichotomous variables are represented in
numbers 1 and 0 [29]. Logistic Regression will identify the relationship between the dependent
variable (Y) as an event that will occur or not, with the independent variable, namely
categorical or continuous [30].

2.4. Evaluation
a. Confusion matrix
Confusion matrixis a table used to display the number of correct test data and wrong test data

[31]. The confusion matrix is used to evaluate the performance of a model based on precision and
accuracy [23].
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Fig. 3. Confusion Matrix
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b. Confusion matrix

K-Fold Cross Validationis a method used to evaluate the performance of the algorithm by
dividing the sample data into several groups randomly, namely K fold groups. Each fold group
will be used as test data alternately. While other fold groups are used as training data [32].

3. Results and Discussion

3.1. Pre-Processing

In the preprocessing stage, changes are made to the data types to improve the correspondence
with the data in the data set. Changes to data types are shown in the following figure :

<class 'pandas.core.frame.DataFrame’ >
RangeIndex: 569 entries, @ to 568
Data columns (total 32 columns):

#  Column Mon-Null Count Dtype

e id 569 non-null inte4

1 diagnosis 569 non-null object
2 radius_mean 569 non-null floated
3

texture mean 569 non-null floated

Fig. 4. Before Change Data Type

[ ]
df["diagnosis'] = df[ "diagnosis'].astype('category")
df.dtypes
id inted
diagnosis category
radius_mean floated

texture_mean floated

Fig. 5. After Change Data Type

Then feature selection is carried out to determine the attributes that have a large influence on the
data [33]. Also, the data is cleaned so there is no noise and no outliers. Cleaned data can be shown
in the following figure:

Fig. 6. Before Cleaning Data
m
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Fig. 7. After Cleaning Data

After the data is cleaned, the numeric data is normalized to make it easier to scale the data.
Meanwhile, categorical data is converted into data to facilitate inspection [23]. The results of data
normalization can be seen in the following figure:

diagnosis radius mean texture mean smoothness mean compactness mean

1 M 20.57 17.77 0.08474 0.07864
2 M 19.69 21.25 0.16%60 @.1599@
- M 20.29 14,34 0.10038 0.13280
b M 18.25 19.93 8.09463 0.18908
7 M 13.71 20.83 8.113% 0.16458

Fig. 8. Before Data Normalization

diagnosis radius mean texture mean smoothness mean compactness mean

M 0.939274 0.468995 0.351796 8.331766
M 8.872476 0.574129 0.745213 8.786698
M 0.918820 0.238348 0.5980838 8.634979
M 8.763170 0.51@945 0.5e8308 8.581736
M 0.418552 0.553234 0.892388 8.812451

Fig. 9. After Data Normalization

Because breast cancer data from Kaggle has an imbalance, it is necessary to use the
oversampling method to achieve data balance. Thus, breast cancer data from Kaggle has an
imbalance, so it is necessary to use the oversampling method to achieve data balance. The
technique used is SMOTE. The results of applying the oversampling method are shown in the
figure below:
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Fig. 11. After SMOTE
3.2. Modelling

In this modeling phase, data classification is carried out. Moreover, the pre-processed data is
initially partitioned with the help of K-fold cross validation. After partitioning, modeling is
performed using the SVM algorithm with a polynomial kernel and logistic regression using the
SMOTE technique. SMOTE is an oversampling procedure. Furthermore, the performance of the
SVM algorithm is then evaluated using SMOTE or oversampling techniques.

3.3. Evaluation and Comparison

K-fold cross-validation is used to reduce the distortion that can occur with random data [23]. In
this study, a 10-fold cross-validation method was used, in which the dataset was divided into 10
different datasets of the same size. Each fold is used as a test set, while the other folds serve as a
training set. This procedure was repeated 10 times to comprehensively test the model [34]. Then the
classification is done using the SVM algorithm and logistic regression using the SMOTE technique
and without SMOTE. The classification results in terms of accuracy, precision and recognition value
are shown in Table 1 and 2 :

Hanny Hikmayanti et.al (Performance Comparison of Support Vector Machine Algorithm and Logistic Regression
Algorithm)



ISSN 2579-7298 International Journal of Artificial Intelegence Research 7
Vol 7, No.1.1 (2023)

Table 1. Model Evaluation Results with SMOTE

SVM LR
K-Fold
Acuracy Precision recall Acuracy Precision recall
1 0.96 0.96 0.96 0.92 0.96 0.90
2 0.98 1.0 0.96 0.96 1.0 0.92
3 1.0 1.0 1.0 0.94 0.92 0.92
4 1.0 1.0 1.0 0.98 1.0 0.97
5 0.98 0.95 1.0 0.92 0.90 0.90
6. 0.91 0.88 0.91 0.91 0.85 0.95
7. 0.92 0.92 0.92 0.96 0.96 0.96
8. 0.94 0.93 0.96 0.98 0.96 1.0
9. 0.98 1.0 0.96 0.96 1.0 0.93
10. 1.0 1.0 1.0 0.91 1.0 0.84
Average 0.97 0.96 0.97 0.94 0.96 0.93

Using Table 1, it was found that the highest accuracy, precision, and recognition were found in
K-Fold 10 using the SVM method. The evaluation results achieved were Accuracy 1.0, Precision 1.0
and Recall 1.0. In addition, the classification is carried out using the SVM and Logistic Regression
methods, without using the SMOTE technique. The results of the evaluation of the model without
SMOTE are presented in Table 2 :

Table 2. Model Evaluation Results Without SMOTE

SVM LR
K-Fold
Acuracy Precision recall Acuracy Precision recall
1 0.97 1.0 0.91 0.95 1.0 0.83
2 0.94 0.90 0.90 0.92 0.9 0.81
3 0.92 0.81 0.9 0.94 1.0 0.8
4 1.0 1.0 1.0 0.97 1.0 0.83
5 0.92 0.66 0.8 1.0 1.0 1.0
6. 0.94 0.8 1.0 0.94 1.0 0.75
7. 0.94 0.90 0.90 0.97 1.0 0.90
8. 0.92 0.93 0.87 0.89 1.0 0.75
9. 0.97 1.0 0.93 0.94 1.0 0.87
10. 0.94 0.90 0.90 0.97 1.0 0.90
Average 0.95 0.89 0.91 0.95 0.99 0.84

Based on Table 2, the highest accuracy, precision and recognition can be found in K-Fold 9. The
accuracy is 0.97, the precision is 1.0 and the recognition is 0.93. Sourced from previous research
[23] [35] mentioned that K-Fold10 is the best choice to get an accurate estimate. In addition, a
comparison of the results of the model evaluation is carried out to determine the performance of the
model that will be implemented into the system. The results of the model comparison are shown in
Table 3:
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Table 3. Comparison of Models

Method Acuracy Precision recall
SVM 0.94 0.90 0.90
LR 0.97 1.0 0.90
SVM +
1.0 1.0 1.0
SMOTE
LR +
0.91 1.0 0.84
SMOTE

The results of the comparison of model evaluation with SMOTE in this study were the highest
accuracy 1.0, precision 1.0 and recall 1.0 with the SVM method. While the highest evaluation results
for the model without SMOTE were Accuracy 0.97, precision 1.0 and recall 0.90 with the LR
method. So the results of comparison evaluation of models using SMOTE tend to be higher than
models without SMOTE. As seen from the results of the comparison of models, it shows that there
is a significant increase in SVM with SMOTE compared to SVM without SMOTE.

4. Conclusion

This study uses breast cancer data from Kaggle. The various preprocessing stages are data type
modification, characteristic selection, data cleaning, data normalization and data transformation. The
SMOTE technique is then applied to process unbalanced data. The model is then implemented using
the SVM algorithm and logistic regression with K-fold cross validation. The results of the
comparative evaluation of the model that has the best value in this study is the SVM method using
SMOTE. The result is 1.0 for accuracy, 1.0 for precision and 1.0 for recall. While the highest
evaluation results for the model without SMOTE were Accuracy 0.97, precision 1.0 and recall 0.90
with the LR method. So based on the results of the comparison, it shows that the evaluation of
models using SMOTE tends to be higher than models without SMOTE.
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