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Abstract: Breast Cancer is the most important 

cause of death among women. In this 

paper, nine machine learning 

classification algorithms, namely 

Logistic Regression (LR), K-Nearest 

Neighbours(KNN), J48, IBK, Multi-

Layer Perception, Decision Tree (DT), 

Support Vector Machine (SVM), Naive 

Bayes (NB), and Random Forest (RF) 

are implemented in order to evaluate the 

performance and the prediction power 

of the model. The main target of this 

work is to compare these algorithm 

performances using the Wisconsin 

Breast Cancer (original) dataset. The 

number of performance metrics such as 

accuracy, precision, recall, and f-1 score 

are taken.  

Key words: breast cancer prognosis, supervised 

machine learning classifier. 

1. Introduction 

                 Breast cancers are the most frequent 

cancers among women, according to World Health 

Organization. It concerns 2.1 million women each 

year, and it also causes the greatest number of 

cancer-related deaths of women [1,2]. In India 

Breast cancer is the most common form of cancer. 

In metro cities like Mumbai, Delhi, Bangalore breast 

cancer accounts for 25% to 32% of female cancers. 

This condition becomes more serious because 

nowadays it became more noticeable in the younger 

age groups. Around 50% of all cases are in the age 

group of range between 25 and 50 [3]. The numbers 

are shocking and constantly rising [4,5]. In the 

health care field, many advances will be coming up, 

like medical data base generating a huge number of 

medical data sets. There are many medical problems 

that can be solved by using machine learning 

techniques. Moreover, these techniques can reduce 

the diagnosis cost significantly [6]. The main aspect 

of this study is to use machine learning to predict the 

breast cancer classification more efficiently.  

                       This computation is done on breast 

cancer datasets on available repository datasets from 

the University of California, Irvine. We have 

implemented different classification methods to 

classify the data to detect the malignant and benign 

groups from the given dataset and applied various 

imbalance data handling techniques and feature 

selection algorithms to improve the performance of 

the classifiers. To classify breast cancer cells as 

malignant or benign by ML classifiers, many 

researchers have worked around [7]. We used 

different machine learning techniques such as 

Logistics Regression (LR), Random Forest (RF), 

Decision Tree (DT), Support Vector Machine 

(SVM), K-Nearest Neighbour (KNN), J48, IBK, 

Multi-Layer Perception and Naive Bayes (NB). The 

classification of breast cancer and the performance 

of these techniques were estimated using metrics 

such as accuracy, precision, recall, f-1 score,Kappa 

Statistics, Sensitivity, Specificity. 

                         The research has a huge social 

impact as it will facilitate medical treatment through 

the prognosis of breast cancer at its early stages. The 

related accuracy rate can be noted that will further 

be used as the threshold for future treatment of breast 

cancer. The research will be extremely helpful for 
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academicians, researchers, oncologists and the 

results will lead to novel techniques for the proper 

prognosis of breast cancer. 

2. Methods 

2.1.    Data Collection 

In this article, we used the Wisconsin Breast Cancer 

data (Original) provided by the University of 

California, Irvine (also known as UCI Machine 

Learning Repository). In addition, this dataset is 

originally from the University of Wisconsin 

Hospitals Madison, Wisconsin, USA [8]. This 

dataset contains 569 ‘breast cancer patients’ records 

and 32     attribute and 2 target classes. 62.74% 

samples are Benign and 37.26% samples are 

Malignant. The size of dataset s 122KB. 

2.2.  Overview of the Classification 

Algorithms 

2.2.1 Logistic Regression (LR): In our analysis, 

Logistic Regression classifies the data into two 

classes of diagnosis – Malignant and Benign.[9]. 

Logistic Regression computes the relationship 

between the feature variables by assessing 

probabilities (p) using an underlying logistic 

function. The logistic function is given by:  

f(x) =          C 

              1 + e-(β0 + β1x) 

where C= Curve’s Maximum value, and x= x 

value of Sigmoid’s midpoint. A standard 

logistic function is called Sigmoid’s function 

(x=0,C=1)                                         

2.2.2  Decision Tree (DT): Decision Tree (DT) is 

one of the well-known direct learning-based 

classification algorithms. DT can be utilized for 

tackling regression and classification problem. DT is 

also a classification based technique that breaks a 

dataset into smaller subsets, creating branches as the 

decision tree grows [10]. 

2.2.3  Random Forest (RF): RF works well to solve 

many clinical and biological problems. It solves both 

classification and regression problems in health care 

services. It creates a forest of decision trees. Each 

decision tree is trained independently with sampling 

from the original dataset using a bagging 

procedure.[11] 

 2.2.4 Support Vector Machine (SVM): In this 

analysis, SVM algorithm was utilized as a prediction 

model for breast cancer. SVM can be extended to 

solve nonlinear classification tasks when the original 

data cannot be separated linearly. By applying 

kernel functions, the original data are mapped onto 

a high dimensional features space in which the  

linear classification makes it possible to separate 

instances of each class from the others.[12] 

2.2.5 K Nearest Neighbours (KNN): KNN works on 

the concept that samples are close enough to fit into 

the same class [13]. A KNN categorizes a sample to 

the class that is the closest among K neighbours. K 

is a constraint for fine tuning the classification 

algorithms [14]. In this article, we had research 

about KNN algorithm using Train-Test method and 

K-fold method. 

2.2.6 Naive Bayes (NB): Naive Bayesian model 

assumes that all the variables are mutually 

independent. Let D be the training set of tuples & 

their associated class labels. Each tuple is 

represented by N attributes such that a tuple will 

contain N values. Suppose there are m class labels 

from C1,C2,…cm for any new tuple X, then the 

classifier will predict that X € the class having 

highest probability condition on X. It shows that X 

belongs to the ith class then i is having highest 

probability[15]. According to the Bayes theory. 

 N(b|A) =      N(A|b) N(b) 

                          N(A) 

Where b is the class variable and A is the parameters 

and A is given as A = (a1, a2, a3, ......., an)  

2.2.7 J48 Algorithm: the J48 DT classifier measures 

entropy, which represents the amount of uncertainty 

among datasets, while information gain, which 

represents the difference in entropy after a dataset is 

split. [16] 

2.2.8 IBK: The number of nearest neighbors can be 

specified exactly in the object editor or set 

automatically through applying cross-validation to a 

certain upper bound. IBK utilizes various search 

algorithms (that are linear by default) to expedite 

finding the nearest neighbors. Also, the default 

function for evaluating the position of samples is the 

Euclidean distance, which can be substituted by 

Minkowski, Manhattan, and Chebyshev distance 

functions [17].   

2.2.9 Multi - layer perception: The non-linear rules 

between each set of inputs and their specific target(s) 

can be easily revealed using ANN [18]. Many 

scholars have used different types of ANN to model 

various engineering models [18,19,20]. Despite the 

explicit benefits of ANNs, the most significant 

disadvantages of them lie in being trapped in their 

local minima and overfitting. A highly connected 

pattern forms the structure of an ANN.  

2.3. Evaluation Matrices  

In the work, we used some statistical analysis that 

measure the test performance of different metrics. 

The performance of the classification techniques 

was evaluated by different metrics such as accuracy, 

recall, precision and f1 measure [21]. Some metrics 

used in machine learning are:  

True Positive (TP): The result of prediction 

correctly identifies that a patient has breast cancer.  

http://www.ijrti.org/


         © 2024 IJNRD | Volume 9, Issue 8 August 2024| ISSN: 2456-4184 | IJNRD.ORG 

 

IJNRD2408299 International Journal Of Novel Research And Development (www.ijnrd.org) 
 

 

c888 

c888 

False Positive (FP): The result of prediction 

incorrectly identifies that a patient has breast cancer. 

True Negative (TN): The result of prediction 

correctly rejects that a patient has breast cancer.  

False Negative (FN): The result of prediction 

incorrectly rejects that a patient has breast cancer. 

In order to evaluate the prediction performance of 

classification algorithms, we define and compute the 

classification accuracy, precision, recall and F1 

score, respectively. The formulations are as follows: 

2.3.1   Accuracy  

The classification accuracy of an ML classifier is the 

solution to measure how often the algorithm 

classifies a data point correctly. The accuracy 

informs about the number of correctly predicted data 

points out of all the data points, which is evaluated 

as follows: 

Accuracy   =                   (T P + T N)  

                                    (TP+TN+FP+FN) 

2.3.2  Sensitivity 

The test sensitivity is named the true positive rate 

(TPR). It concerns the proportion of samples that are 

genuinely positive that give a positive result using 

the test in question. It also concerns type II errors; 

false negatives are the failures to reject a false null 

hypothesis. 

Sensitivity = TP/FN + TP 

2.3.3  Specificity 

The test specificity is named the true negative rate 

(TNR). It concerns the proportion of samples that 

test negative using the test in question that are 

genuinely negative. Additionally, it is referred to as 

type I errors, false positives are the rejection of a true 

null hypothesis. It is evaluated as follows:  

Specificity = TN/FP + TN 

2.3.4 Precision 

Precision measures the percentage of instances or 

samples that are accurately classified among those 

that are classed as positives. As a result, the 

precision calculation formula is as follows:[5] 

 Precision     =                      T P  

                                          (TP+FP) 

2.3.5  Recall 

The recall is determined as the proportion of Positive 

samples that were correctly identified as Positive to 

all Positive samples. The recall gauges how well the 

model can identify positive samples. 

           Recall =           TP 

                                 TP+FN 

2.3.6  F1-Score 

F1 score is define as  the average of precision and 

recall.  

F1   =    2 ∗ (Recall ∗ Precision) 

                   Recall + Precision 

2.3.7 Kappa Statistics 

Cohen’s Kappa Statistic is used to measure the level 

of agreement between two raters or judges who each 

classify items into mutually exclusive categories. 

k = (po – pe) / (1 – pe) 

po: Relative observed agreement among 

raters 

pe: Hypothetical probability of chance 

agreement 

2.3.8 Matthew’s Correlation Coefficient(MCC) 

The Matthews correlation coefficient is used in 

machine learning as a measure of the quality of 

binary and multiclass classifications. MCC also 

ranges between +1 and -1 as. −1 means a 

completely inaccurate binary classifier. The value 

1 means a completely correct binary classifier 

Calculated by the Formula [7]. 

MCC = (TP*TN – FP*FN) / 

√(TP+FP)(TP+FN)(TN+FP)(TN+FN)  

2.3.9  Receiver Operator Characteristic (ROC) 

A ROC curve is a graphical plot used to show the 

diagnostic ability of binary classifiers. 

A ROC curve is constructed by plotting the true 

positive rate (TPR) against the false positive rate 

(FPR). The true positive rate is the proportion of 

observations that were correctly predicted to be 

positive out of all positive observations (TP/(TP + 

FN)). Similarly, the false positive rate is the 

proportion of observations that are incorrectly 

predicted to be positive out of all negative 

observations (FP/(TN + FP)). we can create a curve 

by varying the threshold for the score. 

3. Analysis of Result: 

Table 1  Accuracy, Kappa Statistics, Sensitivity, 

Specificity  Using Without Preprocessing Coding 

Model 

Name 

Accuracy Kappa 

Statistic 

Sensit- 

ivity 

Speci- 

ficity 

Logistic 

Regression 

96% 0.95 0.93 1.0 

KNN 96.49% 0.9235 0.9 0.99 

Naïve 

Bayes 

94.15% 0.87 0.91 0.92 

Random 

Forest 

92% 0.81 0.89 0.922 

SVM 97% 0.94 0.93 1.0 

DECISION 

TREE 

94.7% 0.91 0.92 0.92 

 

 Table  2   Accuracy, Kappa Statistics, Sensitivity, 

Specificity Using With Preprocessing Coding 

Model 

Name 

Accura

cy 

Kapp

a 

Statis

tic 

Sensitiv

ity 

Specifi

city 
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Logistic 

Regressi

on 

98.24

% 

0.962

3 

0.95 1.0 

KNN 96.49

% 

0.925

3 

0.95 0.97 

Naïve 

Bayes 

95.90 

% 

0.88 0.810 0.9823 

Random 

Forest 

96.49

% 

0.924

6 

0.93 0.98 

SVM 98.24

% 

0.962

3 

0.9534 1.0 

DECISI

ON 

TREE 

97% 0.91 0.91 0.90 

 

Table 3  Accuracy Using without Preprocessing 

Weka 

Model Name Accuracy 

Logistic Regression 94.55% 

J48 93.15 % 

Naïve Bayes 92.6 % 

Random Forest 95.95% 

Decision Tree 91.73% 

Multi-Layer Perception 95.78% 

IBK 96.14% 

Table 4    Accuracy Using with Preprocessing Weka 

Model Name Accuracy 

Logistic Regression 95.07% 

J48 98.5 % 

Naïve Bayes 91.73 % 

Random Forest 94.2% 

Decision Tree 90.339% 

Multi-Layer Perception 95.95% 

IBK 95.25% 

 

Table 5 Precision, Recall, F1-Score without 

Preprocessing Using Coding 

MODEL 

NAME 

 Precisio

n 

Recal

l 

F1-

SCOR

E 

NAÏVE 

BAYES 

Maligna

nt 

0.88 0.89 0.88 

 Benign 0.95 0.94 0.94 

K Nearest 

Neighbou

r 

Maligna

nt 

0.98 0.92 0.95 

 Benign 0.96 0.99 0.97 

Logistic Maligna

nt 

0.94 0.94 0.94 

Regressio

n 

Benign 0.97 0.97 0.97 

Decision Maligna

nt 

0.92 0.94 0.93 

Tree Benign 0.96 0.95 0.96 

Random Maligna

nt 

0.94 0.88 0.91 

Forest 

Tree 

Benign 0.91 0.96 0.94 

 

Table 6 Precision, Recall, F1-Score  With 

preprocessing Using Coding 

MODEL 

NAME 

 Precision Recall F1-

SCORE 

NAÏVE 

BAYES 

Malignant 0.97 0.99 0.94 

 Benign 0.95 0.91 0.97 

K Nearest 

Neighbour 

Malignant 0.95 0.95 0.95 

 Benign 0.97 0.97 0.97 

Logistic Malignant 1.00 0.95 0.98 

Regression Benign 0.97 1.00 0.99 

Decision Malignant 0.92 94 0.93 

Tree Benign 0.96 0.95 0.96 

Random Malignant 0.98 0.93 0.95 

Forest 

Tree 

Benign 0.96 0.99 0.97 

SVM Malignant 1.00 0.95 0.98 

 Benign 0.97 1.00 0.99 

 

Table 7 Precision, Recall, F1-Score without 

Preprocessing Using Weka 

MODEL 

NAME 

 Precision Recall F1-

SCORE 

NAÏVE 

BAYES 

Malignant 90% 89% 90% 

 Benign 93% 94% 94% 

J48 Malignant 89% 92% 90% 

 Benign 95% 93% 94% 

Logistic Malignant 91% 94% 92% 

Regression Benign 96% 94% 95% 

Decision 

Tree 

Malignant 87% 89% 88% 

Classifier Benign 93% 93% 93% 

Random Malignant 96% 92% 94% 

Forest Benign 95% 98% 96% 

Multi 

Layer 

Malignant 94% 93% 94% 

Preceptron Benign 96% 96% 96% 

IBK Malignant 95% 94% 94% 

 Benign 96% 97% 96% 

 

Table 8 Precision, Recall, F1-Score with 

Preprocessing Using Weka 

MODEL 

NAME 

 Precisio

n 

Recal

l 

F1-

SCOR

E 

NAÏVE 

BAYES 

Maligna

nt 

91% 86% 88% 

 Benign 92% 95% 93% 

J48 Maligna

nt 

99% 96% 98% 

 Benign 98% 99% 98% 

Logistic Maligna

nt 

93% 92% 93% 

Regressio

n 

Benign 95% 96% 96% 

Decision 

Tree 

Maligna

nt 

89% 84% 86% 

Classifier Benign 90% 94% 92% 

Random Maligna

nt 

93% 91% 92% 

Forest Benign 94% 96% 95% 
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Multi 

Layer 

Maligna

nt 

94% 94% 94% 

Preceptro

n 

Benign 96% 96% 96% 

IBK Maligna

nt 

94% 92% 93% 

 Benign 95% 96% 96% 

 

Table 9 Time Taken To Build a Model without Pre-

Processing Using  Weka 

Model Name Time Taken To Build 

a Model 

Logistic Regression 0.7 sec 

J48 0.17 sec 

Naïve Bayes 0.02 sec 

Random Forest 0.35 sec 

Decision Tree 0.03 sec 

MultiLayer Preceptron 1.56 sec 

IBK 0 sec 

 

Table 10 Time Taken To Build a Model with Pre-

Processing Using  Weka 

Model Name Time Taken To Build 

a Model 

Logistic Regression 0.11 sec 

J48 0 sec 

Naïve Bayes 0.01 sec 

Random Forest 0.28 sec 

Decision Tree 0.2 sec 

MultiLayer Preceptron 0.86 sec 

IBK 0 sec 

 

Table 11 Performance of ml classifiers on data with 

pre-processing. 

Classifiers J48 MultiLayer 

Preceptron 

IBK 

Correctly 

Classified 

Instance(total 

569) 

561 546 542 

Accuracy(%) 98 95.9578 95.254 

MCC 0.97 0.910 0.89 

PRC Area 0.992 0.98 0.942 

Kappa 

Statistic 

0.9698 0.91 0.89 

Mean 

Absolute 

Error 

0.026 0.0444 0.0492 

Root mean 

squared error 

0.114 0.1817 0.2174 

Relative 

absolute 

error(%) 

5.557 9.5027 10.552 

Root Relative 

squared 

error(%) 

23.577 37.5887 44.96 

ROC area 0.992 0.98 0.94 

 

 
The above figure (a) Shows The Accuracy 

Comparision Between Model using Coding 

 
 

The Above Figure  (b) Shows Accuracy 

Comparision Between Models Using Weka software  

 

 
 

The above figure (c) is shows Logistic Regression 

ROC Curve  
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The above figure (d) is shows comparison between 

benign(B) and malignant(M). 

 

The above figure (e) shows that malignant tumors 

have larger radius. Malignant cancer cells are larger 

in size then benign cancer cells. 

 

The above figure (f)  shows that the tissue average 

of malignant cancer cells is larger. M=1 and B=0 

The above figure (g) shows parameter thickness of 

malignant cancer cells is greater than that of benign 

cancer cells. 

 

The above figure (h) shows the area occupied by 

malignant cancer cells is greater than that of benign 

cancer cells. 

             4.Conclusion 

The paper points out a Hybrid Supervised 

Machine Learning Classifier System for breast 

cancer prognosis. The performance of the 

classifiers has been tested on all attributes and 

selected features separately to obtain and 

compare the achieved accuracy .we had used 

popular machine learning classifiers such as 

Support Vector Machine, J48(using Weka 

Software), Multilayer-Perceptron ,Logistic 

Regression etc. The methodology of the 

proposed system is structured into five stages 

which include (1) data pre-processing; (2) data 

imbalance handling; (3) feature selection; (4) 

machine learning classifiers; (5) classifier’s 

performance evaluation. Based on the 

experimental results, it is evident that the 

Support Vector Machine achieves an accuracy 

of 98.24%,a sensitivity of 95%, a specificity of 

100%, and Kappa statistics of 0.94. It is also 

observed that the J48 Decision Tree classifier 

achieves an accuracy of 98.5%, MCC of 0.968, 

a ROC area of 0.992, a Mean Absolute Error of 

0.026 and Kappa statistics of 0.9735.  

It is also observed that the Logistic Regression 

achieves an accuracy of 98.24%, a ROC area of 

http://www.ijrti.org/
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0.996, a sensitivity of 95%, a specificity of 

100% and Kappa statistics of 0.9623. 

Furthermore, Multilayer Perceptron achieves 

the accuracy of 95.95%, MCC of 0.91, a ROC 

area of 0.98, a Mean Absolute Error of 0.044 

and Kappa statistics of 0.91. Given the above, it 

is relevant that the SVM, Logistic 

RegressionJ48 decision tree classifier is the 

most appropriate machine learning-based 

classifier for optimum breast cancer prognosis. 

The future scope of work includes the prognosis 

of breast cancer using thermal images and IoT-

based sensors.[24,25] 
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