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Abstract— In this paper, comparative
performance evaluation of machine learning
algorithms for breast cancer prediction is
presented. The machine learning algorithms are
decision tree, random forest, K-nearest neighbors,
logistic regression and the support vector
machine. The Wisconsin breast cancer (WBC)
dataset available online in Kaggle repository is
employed. The WBC Dataset consists of 569
patients’ records with 35 columns per record. The
acquired dataset was preprocessed; notably
irrelevant features in the data records were
removed. Also, feature scaling and 5-fold data
splitting were conducted. Each of the five machine
learning models were iteratively trained and also
validated using each of the fivefold data divided
into 80 % training and 20 % validation dataset. The
model results show that for the training dataset,
the Decision tree algorithm has the best F1 score
of 99.331% followed by the Logistic Regression
model with F1 score of 98.733 % while the KNN
model has the worst F1 score of 96.003 %. On the
other hand, for the validation dataset, the SVM
algorithm has the best F1 score of 96.696%
followed by the Logistic Regression model with F1
score of 96.678 % while the Decision tree model
has the worst F1 score of 91.673 %. In addition,
the confusion matrix results show that the logistic
regression model gave the lowest number of false
predictions and the highest number of true or
correct predictions. As such, among the five
machine learning models studied, the logistic
regression model has the best prediction
performance and hence is recommended for
breast cancer prediction.
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Nearest Neighbors , K-Nearest Neighbors, Logistic
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1. INTRODUCTION

Across the globe, cancer has been identified as one
of the worst diseases which claims millions of lives every
year [1,2,3]. Among the different kinds of cancer, breast
cancer is the one most prevalent among women [4,5,6].
There were about 2.26 million new instances of breast
cancer worldwide in 2020 [7], making it the most prevalent
kind of cancer. Additionally, it is the most prevalent form
of cancer in women in both developed and developing
nations, which is a significant issue for public health
[8,9,10].

In any case, early detection and treatment has been
identified as a more suitable way to address the rising
challenges posed by breast cancer [11,12,13,14,15]. In this
wise, medical experts are adopting approaches that can be
used to detect breast cancer at the early stage of its
development or to predict the likelihood of its occurrence in
a patient so as to take proactive measures to avert it
occurrence. Notably, machine learning solutions are
employed in recent years to assist medical expert to analyze
medical records of patients and thereby predict the
likelihood of breast cancer [16,17,18,19,20]. Accordingly,
this work is focused on the application of five different
machine learning models to predict breast cancer based on a
case study dataset of medical records of breast cancer
patients. The machine learning algorithms considered in
this study includes decision tree, random forest, K-nearest
neighbors, logistic regression and the support vector
machine [21,22,23]. The prediction performance of the five
models are evaluated through metrics like the F1 score, true
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positive, true negative , false positive and false negative
predictions [24,25]. The overall essence of the study is to
identify the machine learning model that is most suitable
for breast caner prediction.

2. METHODOLOGY

The performance of the five machine learning models in
predicting breast cancer is considered in this work. The five

models are decision tree, random forest, K nearest
neighbors, logistic regression and the support vector
machine. The Wisconsin breast cancer (WBC) dataset
available in Kaggle repository is employed in the study
[26,27,28]. The WBC dataset consists of patients’ 569
records with 35 columns per record, as shown in Table 1.

Table 1 The columns in the WBC data records

SN Features Count Data Type
0 id =69 non-null nted
1 Diagnosis 569 non-null object
3 radius mean 569 non-null Tloatéd
3 fexfure mean 569 non-null Toatod
3 perimeter mean 509 non-null Tloatod
3 area mean 569 non-null Tloatéd
6 smoothness mean 509 non-null Tloatcd
K Compactness mean 509 non-null Tloatod
] concavity mean 369 non-null floattd
9 concave points mean 569 non-null Tloatod
10 symmelry mean 569 non-null TToatod
11 Tractal_dimension_mean %69 non-null Tloatsd
12 radius_se 569 non-null Tloatod
13 texture_se %69 non-null Tloated
14 perimefer_se 569 non-null Toatod
15 area_se 569 non-null Toatod
16 smoothness_se 550 non-null Toatéd
17 compactness_se 569 non-null Toatod
18 concavity_se 509 non-null Tloatod
19 concave points_se =69 non-null Tloatcd
3 symmetry_se 569 non-null Toatod
3 Tractal_dimension_se %09 non-null Tloatod
23 radins_worst =69 non-null Tloatéd
23 texfure_worst 509 non-null Toatod
24 perimerfer_worst 369 non-null Tloatod
35 area_worst %69 non-null Toatdd
76 smoothness_worst 569 non-null TToatcd
27 compaciness_worst 369 non-null Tloatod
28 concavity_worst 369 non-null Tloatod
29 concave points_worst 569 non-null Tloatod
30 symmeiry_worst %69 non-null Tloatéd
31 Tractal_dimension_worst 569 non-null Toatod
3 TUnnamed: 32 U non-null Toatod

2.1 Data Cleaning

The acquired dataset was preprocessed and the
first step of data pre-processing (cleaning) is to remove
irrelevant features. The ‘Unnamed:32’ and ‘id’ columns (in
Table 1) are removed. The next step is to separate the
features and the target variable. The *““diagnosis” column
the target variable and was employed to help with the
prediction.

In the target variable, ‘M’ represents malignant
cancer, while ‘B’ represents benign cancer (as shown in the
screenshot of Figure 1). These values are converted to
numbers before the training of the machine learning
algorithms started. Label encoding was also performed to

convert the categorical variables in the target column to
numbers. The number 0 represents the benign cancer class
while the number 1 represents the malignant cancer class.

The dataset is split into the training (which is 80%
of the data) and test set (which is 20% of the data).
Specifically, there are 455 records in the training set (as
shown in Figure 2) and 114 records in the test set (as shown
in Figure 3). Specifically, the 80 5 by 20 % data split is
used in a 5-fold data splitting technique which is used to
train and validate the each of the five models.

The last step in the data cleaning process is feature
scaling. The method of feature scaling used is
standardization. Standardization is applied to the training
set and test set to keep all the features on the same scale (as
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shown in Figure 4). It also helps to speed up the training X =[x — mean(x)]/standard deviation(x) (1)
process. The formula for standardization is as follows:
Matrix of features
[[1.799e+01 1.038e+01 1.228e+02 ... 2.654e-01 4.601e-01 1.18%e-01]
[2.857e+01 1.777e+01 1.329e+02 ... 1.860e-01 2.750e-01 8.902e-02]
[1.969e+01 2.125e+01 1.300e+02 ... 2.430e-01 3.613e-01 8.758e-02]
[1.660e+01 2.808e+01 1.083e+02 ... 1.418e-01 2.218e-01 7.820e-02]
[2.06@e+01 2.933e+01 1.401e+02 ... 2.650e-01 4.287e-01 1.240e-01]
[7.76@e+00 2.454e+01 4.792e+@1 ... 0.000e+00 2.871e-01 7.03%e-02]]
Target Variable
['M" "M" "M" "M" "M O'MT MMM O'MT MM MMM T T MY
'M* 'B" 'B" 'B" "M" "M "M" "M" "M" "M 'M" 'M" 'M" 'M" 'M" 'M" 'M' "M’
M O'BT MY O'TMTO'MTO'TMT MY O'MT "M "M "B "M ‘B ‘B 'B" ‘BT B "M
'M" 'B" 'M" 'M' ‘' 'B" 'B" 'B'" 'M" 'B" 'M" 'M" 'B" 'B'" 'B'" 'B" 'M" 'B'
‘M* M ‘BT "M ‘BT 'MT M ‘B ‘B BT 'MT M B 'M" 'M" 'M" 'B" "B’
‘B* 'M" ‘'B" ‘B 'M" 'M" ‘'B" 'B" 'B" 'M" 'M" ‘B" 'B" 'B" 'B'" 'M" 'B" 'B’
‘M" 'B" 'B" 'B" 'B" 'B" 'B" 'B" 'B" 'M" 'M" 'M" 'B" 'M" 'M" 'B" 'B'" 'B’
‘M*'M" BT 'MT BT 'MT 'M" BT 'MT 'M" 'B" ‘BT 'M" 'B" 'B" 'M" 'B" 'B’
‘B" 'B" 'M" 'B" 'B" 'B" 'B" 'B'" 'B" 'B" 'B" 'B" 'M" 'B" 'B" 'B" 'B" "M’
‘M* ‘B 'M" 'B" 'B" 'M" 'M" 'B" 'B" 'M" 'M" 'B" 'B" 'B" 'B" 'M" 'B" 'B’
MM 'M" ‘B "M ‘BT 'M" 'B' 'B' 'B" 'M" 'B" 'B" 'M" 'M' 'B" 'M" 'M'
'M"O'MT BT "M O'MT "M BT 'M" "B "M 'B" 'B" 'M" 'B" 'M" 'M" 'Mm" "M’
‘B* 'B" 'M" 'M" ‘B’ 'B" 'B" 'M' 'B" 'B" 'B" 'B" 'B" 'M" 'M' 'B" 'B" 'M’
'B" 'B" 'M" 'M" 'B" 'M" 'B" 'B' 'B" 'B" 'M" 'B" 'B" 'B" 'B" 'B" 'M' 'B’
MTO'TMT "M OTMTO'TMTOTMTOTMT TMT M M M T "M "M BT ‘B "B "B
‘B* 'B" 'M" 'B" 'M" 'B" ‘'B" 'M' ‘'B" 'B" 'M" ‘B" 'M" 'M" 'B" 'B" 'B" 'B’
‘B" 'B" 'B" 'B" 'B" 'B" 'B" 'B" 'B" 'M" 'B" 'B" 'M" 'B" 'M" 'B" 'B" 'B'
‘" 's' 'B' 's' 'B' 'B'" 'B" 'B' 'B' 'B'" 'B'" 'M" 'B'" 'B" 'B'" 'M" 'B" 'M'
‘B" 'B" 'B" 'B" 'M" 'M" 'M" 'B" 'B" 'B" 'B" 'M" 'B" 'M" 'B'" 'M" 'B" 'B’
‘B* 'M" ‘'B" 'B" 'B" 'B" 'B" 'B' 'B" 'M" 'M" 'M" 'B" 'B" 'B'" 'B" 'B" 'B’
‘s" 'B" 'B" 'B' 'B" 'M" 'M" 'B'" 'M" 'M" 'M" 'B" 'M" 'M" 'B" 'B" 'B' 'B'
‘" 'M' 'B' 'B' 'B' 'B'" 'B'" 'M'" 'B' 'B'" 'B'" 'M" 'B' 'B" 'M'" 'M" 'B" 'B'
‘' 's' 'B' ‘B' 'M' 'B' 'B'" 'B' 'B' 'B'" ‘B'" 'B" 'M' 'B'" 'B'" 'B'" 'B" 'B'
‘M* ‘" ‘'B" 'M" ‘'B" 'B" 'B" 'B" 'B" 'B" ‘'B" 'B" 'B" 'B" 'B'" 'B" 'M" 'B’
'M" 'M" 'B" 'M" 'B" 'B" 'B" 'B' 'B'" 'M" 'B" 'B" 'M" 'B" 'M'" 'B" 'B" "M’
'‘B* 'M" ‘'B" 'B" 'B" 'B" 'B" 'B' 'B" 'B" 'M" 'M" 'B" 'B" 'B'" 'B" 'B" 'B’
Figure 1 Matrix of features and target variables separated
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Matrix of features (Training set)
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[[1.602e+01 2.324e+01 1.927e+02 ... 9.975e-02 2.948e-01
[1.232e+01 1.239e+01 7.885e+01 ... 9.391e-82 2.827e-01
[1.285e+01 2.137e+01 8.263e+01 ... 5.601e-02 2.488e-01
[1.300e+01 2.513e+01 8.261e+01 ... 5.921e-02 2.306e-01
[1.420e+01 2.053e+01 9.241e+01 ... 1.33%e-01 2.534e-01
[1.706e+01 2.100e+01 1.118e+02 ... 1.827e-01 2.623e-01

Target Variable (Training set)

[1ee11101111101000P00e0001010180
1690100101006 06000611111010611000¢80
1000000000100 0000100110000080
0000100110101 001006110000101
1990110001 00000000100001000080
0101010101100 leveoveeovllleol
1161001100111 010000000110180
0100010010100 00100000101001
00611100600 1110101e111010060180
1011101100606 01010061001000000
1010011001011 1006100100101080
2101110100001 010000000100000
1000000000 1]

Figure 2 The cut section of the screenshot to the records in the training set

Matrix of features (Test set)

[[1.141e+01 1.082e+01 7.334e+01 ... 8.958e-02 3.016e-01
[2.994e+01 2.356e+01 1.38%9e+02 ... 2.105e-81 3.126e-01
[1.617e+01 1.607e+01 1.063e+02 ... 1.251e-01 3.153e-01
[1.453e+01 1.934e+01 9.425e+01 ... 9.594e-02 2.471e-01
[1.512e+01 1.668e+01 9.878e+01 ... 1.252e-01 3.415e-01
[1.607e+081 1.965e+01 1.941e+02 ... 1.520e-081 2.650e-01

Target Variable (Test set)
[pP1o010010001010001000001110090
2100601060101 011000100061001080
9901011100001 110210000001000
911]

Figure 3 The cut section of the screenshot to the records in the test set
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Scaled Matrix of features (Training set)

[[ ©.51855873 ©.89182579 ©.4246317 ... -0.23574392 ©.05456632
0.82183673]

[-0.51636409 -1.63971029 -0.54134872 ... -0.32320788 -0.13757624
-8.90440164]

[-0.36811839 ©.45551496 -0.38824993 ... -0.80082504 -0.675893
-0.14401559]

[-0.32616206 1.33280304 -0.38905998 ... -8.84289958 -0.96490082

-1.16888375]

[ ©.00048859 ©.25952507 ©.80786279 ... ©.27571059 -0.60284707

-9.30545988]

[ ©.80945595 ©.36918608 ©.79320285 ... 1.00657384 -90.46151907

-9.44817001]]

Scaled Matrix of features (Testing set)

[[-©.77089916 -2.00602473 -0.76451652 ... -0.38805702 ©.16254727
0.06095304]

[ 1.89472636 ©.96648861 1.89081582 ... 1.42292627 ©.33722232
-9.31041892]

[ ©.56051506 -0.78108791 ©.57044007 ... ©.14391558 ©.38009711
0.30174696]

[ ©.10179251 -0.91812727 ©.08238707 ... -0.29280517 -0.70288824
-0.52310661]

[ ©.26682074 -0.63876192 ©.26586259 ... ©.14541325 ©.79614133
0.73153038]

[ ©.53254417 ©.85420233 ©.48133495 ... ©.54678897 -0.41864428

-1.11598733]]

Figure 4 Matrix of features of training and test set after feature scaling

3. RESULTS AND DISCUSSION

The fivefold training and validation results of the
five models are shown in Figure 5 for the Logistic
Regression model, Figure 6 for the KNN F1 score, Figure 7
for the SVM F1 score, Figure 8 for the Decision Tree F1
score and Figure 9 for the Random Forest F1 score. In
addition, the mean F1 score obtained for the five models are
shown in Figure 10 for the mean F1 scores obtained from
the training dataset and Figure 11 for the mean F1 scores
obtained from the validation dataset. The results show that
for the training dataset, the Decision tree algorithm has the
best F1 score of 99.331% followed by the Logistic
Regression model with F1 score of 98.733 % while the
KNN model has the worst F1 score of 96.003 %. On the
other hand, for the validation dataset, the SVM algorithm
has the best F1 score of 96.696% followed by the Logistic
Regression model with F1 score of 96.678 % while the
Decision tree model has the worst F1 score of 91.673 %.

The summary of confusion matrix result is
presented in Figure 12 and it shows that True and False
Prediction Performance of each of the five models. In this
study, the class of interest is the ‘Malignant’ class. Hence,
according to the summary of confusion matrix result
presented in Figure 12, the logistic regression model
correctly classified 40 patients with malignant cancer. It
misclassified 1 patient as having malignant cancer, whereas
the patient’s cancer was benign. It correctly classified 71

patients as having benign cancer. It misclassified 2 patients
as having benign cancer, whereas they actually have
malignant cancer. The KNN model correctly classified 38
patients with malignant cancer. It misclassified 1 patient as
having malignant cancer, whereas the patient’s cancer was
benign. It correctly classified 71 patients as having benign
cancer. It misclassified 4 patients as having benign cancer,
whereas they actually have malignant cancer. The SVM
model correctly classified 39 patients with malignant
cancer. It misclassified 0 patients as having malignant
cancer, whereas the patient’s cancer was benign. It correctly
classified 72 patients as having benign cancer. It
misclassified 3 patients as having benign cancer, whereas
they actually have malignant cancer. The Decision Tree
model correctly classified 37 patients with malignant
cancer. It misclassified 1 patient as having malignant
cancer, whereas the patient’s cancer was benign. It correctly
classified 71 patients as having benign cancer. It
misclassified 5 patients as having benign cancer, whereas
they actually have malignant cancer. The Random Forest
model correctly classified 38 patients with malignant
cancer. It misclassified 0 patient as having malignant
cancer, whereas the patient’s cancer was benign. It correctly
classified 72 patients as having benign cancer. It
misclassified 4 patients as having benign cancer, whereas
they actually have malignant cancer. The logistic regression
model gave the lowest number of false negatives. This is

WWWw.imjst.org

IMJSTP29121026

7331



International Multilingual Journal of Science and Technology (IMJST)
ISSN: 2528-9810
Vol. 9 Issue 1, January - 2024

very important in the Healthcare industry. As such, among regression model has the best prediction performance for
the five machine learning models studied, the logistic breast cancer.

Logistic Regression F1 score
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Figure 5 The Logistic Regression F1 score

KNN F1 score
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Figure 6 The KNN F1 score
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SVM F1 score

101
100
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Figure 7 The SVM F1 score
Decision Tree F1 score
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Figure 8 The Decision Tree F1 score

Random Forest F1 score
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Figure 9 The Random Forest F1 score
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Average F1 score for training
data set
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Figure 10 The mean F1 scores for the five machine learning models based on the training dataset
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Figure 11 The mean F1 scores for the five machine learning models based on the validation dataset
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Figure 12 Summary of Confusion Matrix Result
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4. CONCLUSION

The breast cancer prediction capability of five machine
learning models based on a given case study breast cancer
patients dataset is presented. The machine learning models
considered are decision tree, random forest, K nearest
neighbors, logistic regression, and the support vector
machine. The models are individually trained and validated
iteratively using 5-fold dataset splitting technique. The
results show that the logistic regression model has the best
prediction performance as it has the highest number of true
or correct predictions and the lowest number of false or
incorrect predictions. On the other hand, the decision tree
model has the least prediction performance as it has the
lowest number of true or correct predictions and the highest
number of false or incorrect predictions.

10.
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