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Abstract
Breast cancer is a prevalent and life-threatening disease affecting individuals worldwide. In order to improve the prediction accuracy of the breast cancer, this study uses various machine learning techniques. Three machine learning algorithms are examined for the effectiveness in diagnosing breast cancer: Support Vector Machine (SVM), K-Nearest Neighbors (KNN), and Decision Tree (DT). The Wisconsin Breast Cancer Diagnostic dataset is used to construct and analyse these models. The research evaluates False Positive Rate (FPR), Feature Selection Time (FST), and Feature Selection Accuracy (FSA). The outcome indicates that the SVM approach decreases FST and FPR by 13% and 37%, respectively, while enhancing FSA by 8%. These findings suggest promising advancements in the detection of breast cancer.
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1. INTRODUCTION
Breast cancer is the primary cause of cancer among women globally, representing one-fourth of all cancers affecting females. Breast cancer deaths in the South-East Asia region are expected to increase to  61.7%  by  2040.  Breast  cancer represents the  most prevalent  form  of cancer  in India, comprising 28.2% of all cancers in females, with an anticipated 216,108 cases by the year 2022. The age-standardized incidence rate of female breast cancer has increased by 39.1% from 1990 to 2016, and this trend has been seen in every state of India over the past 26 years. The most prevalent cancer among women is breast cancer. Worldwide, approximately 3 million new instances of Breast Cancer are identified each year. In total, 17,331 patients who had breast cancer diagnosed between 2012 and 2015 from 11 PBCRs were followed until June 30, 2021. Active methods were used to track the vital status of registered breast cancer cases. Of the 28 PBCRs whose cancer incidence and mortality statistics were included in the 2020 NCRP report, 25 PBCRs gave their approval to be included in the

survival study of patients of breast cancer diagnosed between 2012 and 2015.8. Based on a follow-up of no less than 70% of all identified cases, a survival analysis of breast cancer information from all PBCRs was performed. Eleven PBCRs were selected for examination because, as of June 30, 2021, they had follow-up (vital status) data for at least 70% of their breast cancer patients. Eleven PBCRs— Kollam, Thiruvananthapuram, Mumbai, Wardha, Ahmedabad urban, Kamrup urban, Manipur, Mizoram, Sikkim, Tripura, and Pasighat—diagnosed 17,259 instances of a single primary breast cancer between 2012 and 2015. A map showing the sites of the PBCR is offered as a supplementary illustration (refer to Figure S1). The follow-up rates for registries excluded from the analysis ranged from 80.7% in Aurangabad to 6.3% in Delhi. However, Aurangabad had a high percentage of follow-up loss in the first year (65.7%); hence, these data were not included in the survival analysis. The features of the excluded PBCRs for breast cancer from 2012 to 2015 are described in detail in Table S1. People who made it past the deadline or were lost to follow-up are regarded as right-censored. Notable advancements have been made in healthcare technologies for the storage and retrieval of electronic medical records, and developments in medical research have unlocked new paths for diagnosis. Uncontrollably growing and dividing cells in breast tissue, which frequently results in lump formation, is the hallmark of breast cancer. The milk glands or the ducts that connect them to the nipple are the primary site of most breast tumours [1]. With an age-adjusted prevalence of 25.8 per 100,000 women and a fatality rate of 12.7 per 100,000  women,  breast  cancer  is  the  most  frequent  malignancy  among  Indian  women. We analyzed the occurrence, fatality, and death statistics from existing national cancer registries. Age- adjusted breast cancer incidence rates were found to be 41 per 100,000 women in Delhi, 37.9 in Chennai,
34.4 in Bangalore, and 33.7 in the Thiruvananthapuram district [2]. Women's poor health in Pakistan's rural areas is a result of socioeconomic situations. Pakistan has the highest risk of breast cancer in Asia, with one in nine of its women developing the disease at some point in their life. Additionally, young women often show signs of advanced breast cancer, which deteriorates the prognosis. Since breast cancer is a genetic condition that is passed down from mother to daughter, a significant number of rural women in these areas are affected by it each year. Both urban and rural Pakistani women are at risk for ovarian, uterine, and cervical malignancies [3]. The most frequent cancer in women and the most common cancer in general is breast cancer. In 2020, women will be diagnosed with breast cancer in around 2.26 million new cases. The tables below list the ten nations with the most significant rates of female breast cancer deaths and the highest number of female breast cancer deaths in 2020 [4].
2. RELATED WORK
The author Sudarshan Nayak [14], illustrates the utilize of different supervised machine learning calculations in classification of breast cancer from using 3D pictures and discover out that SVM is the most excellent based on his overall performance. On the other side, we discover that B.M. Gayathri



[14], work on comparative ponder of Relevance vector machine which provides Low computational fetched whereas comparing with other machine learning strategies which are utilized for breast cancer location, and clarify how RVM is way better than other machine learning calculations for diagnosing breast cancer indeed the factors are diminished and accomplished 97% exactness. The creator Latchoumiet TP [17] Found a classification value of 99% proposing an optimization weighting of the particle swarm (WPSO) based on the SSVM for the classification. Ahmed Hamza Osman [18] proposed an arrangement for the diagnosis of Wisconsin breast cancer (WBCD) with a prediction of 99.10% found by the SVM algorithm by combining a clustering calculation with an effective probabilistic vector support machine. This investigate is centered on evaluating such machine learning calculations and approaches in arrange to conclude the finest technique for breast cancer expectation and determination. In order to assess observed survival (OS) and relative survival using the actuarial survival approach and the Ederer-II approach, respectively, the study performed survival analysis by computing the difference between the date of initial diagnosis and the date of death or censoring. OS rates, which reflect the probability of living for a specified duration after receiving a diagnosis, were calculated using the actuarial survival method. It makes the assumptions that filtering is random and unrelated to the study's outcome. Expected survival was estimated using the Ederer-II method. The OS in the cancer patient group divided by the anticipated survival of a similar group from the general population stratified was the definition of relative survival.
3. MACHINE LEARNING ALGORITHMS FOR BREAST CANCER PREDICTION
A. Support Vector Machine (SVM):
SVM categorizes data by finding the best hyper plane that divides classes with the greatest margin. This method is proper for binary classification issues, like diagnosing malignant and benign tumors [12].
B. Random Forest
Random Forest constructs multiple decision trees during training and outputs the mode of classification or the mean prediction. It minimizes overfitting and enhances prediction accuracy.
C. k-Nearest Neighbors (KNN)
KNN is a supervised learning algorithm that categorizes the data according to the majority vote of its nearest neighbors. It is widely used in medical diagnosis due to its simplicity and effectiveness [10].
D. Logistic regression
Logistic regression may be an exceptionally capable modeling tool that could be a generalization of linear regression [11]. Logistic Regression is utilized to evaluate the probability of a disease or wellbeing condition as a work of a hazard calculates (and covariates). Both straightforward and



multiple logistic regression evaluate the affiliation between autonomous variable(s) (Xi) in some cases called exposure or predictor factors and a dichotomous dependent variable (Y) now and then called the result or reaction variable. It is utilized essentially for anticipating double or multiclass dependent variables
METHODS AND DESCRIPTION

I. Decision Tree
The core of a Decision Tree is the concept of splitting data at each node based on a feature that best separates the data. The decision-making process uses a criterion like Gini Impurity or Information Gain to choose the best feature for splitting. Gini Impurity is calculated as:
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Where:
· D is a dataset, C is the number of classes (in this case, 2: Benign or Malignant),
· pi is the proportion of class iii in the dataset.
Information Gain is calculated as:
[image: ]
Where,
· D is the dataset, A is the feature used for splitting, Dv is the subset of the dataset where feature A takes value v, is the entropy of dataset D.
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Sample Data

	Sample
	Radius
	Texture
	Label (Benign=0, Malignant=1)

	1
	14
	25
	0

	2
	18
	30
	1

	3
	16
	28
	1

	4
	13
	24
	0

	5
	12
	22
	0

	6
	19
	35
	1

	7
	17
	32
	1

	8
	14
	23
	0





II. K-Nearest Neighbors (KNN)
K-Nearest Neighbors (KNN) algorithm is a simple and effective classification technique. It is often used for identifying and classifying patterns in datasets, such as detecting whether a tumor is malignant or benign in breast cancer data.
Algorithm
Step 1: Load the breast cancer dataset
Step 2: Preprocess the data (handle missing values, normalize features)
Step 3: Split the dataset into training and testing sets (e.g., 80% training, 20% testing) Step 4: Choose a value for 'K' (number of nearest neighbors, e.g., K=3 or K=5)
Step 5: For each test data point:
a. Calculate the distance from the test data point to all training data points
b. Sort the distances in ascending order
c. Select the 'K' nearest neighbors
d. Determine the class by majority vote (malignant or benign) from the 'K' neighbors Step 6: Output the predicted class (malignant or benign)
Step 7: Calculate the accuracy of the classifier (correct predictions / total predictions)
KNN Distance Calculation
For KNN classification, we typically use Euclidean distance to measure the similarity between data points:
[image: ]

Where:
· d(x,y)d(x, y) is the distance between points xx and yy.
· xix_i and yiy_i are the values of the ith ith feature of data points xx and yy.and n is the number of features.
Steps to Calculate and Classify Using KNN:
Step 1: For each test instance, calculate the Euclidean distance to all training instances.
Step 2: Sort these distances in ascending order.
Step 3: Take the first K nearest neighbors.
Step 4: Classify the test instance by taking the majority vote of these K neighbors' class labels.
· If the majority is "malignant," classify it as malignant.
· If the majority is "benign," classify it as benign.



Evaluate Performance
After classifying the test set, calculate the classification accuracy:

[image: ]
The data points represent simplified features for tumors:

	Tumor ID
	Radius (Feature 1)
	Texture (Feature 2)
	Class (0 = Benign, 1 = Malignant)

	1
	5
	3
	0

	2
	1
	1
	1

	3
	4
	2
	0

	4
	7
	6
	1

	5
	6
	4
	0



III. Support Vector Machine (SVM)
A Support Vector Machine (SVM) is an effective supervised learning algorithm commonly used for classification tasks. It determines the optimal hyperplane that isolates distinctive classes within the feature space. SVM can be used to classify tumors as either benign or malignant based on features such as tumor size and texture.
Algorithm
Step 1: Load the breast cancer dataset
Step 2: Preprocess the data (handle missing values, normalize features)
Step 3: Split the dataset into training and testing sets (e.g., 80% training, 20% testing) Step 4: Select a kernel function (linear, polynomial, or RBF)
Step 5: Initialize the SVM model with the chosen kernel Step 6: Train the SVM model using the training data Step 7: For each test data point:
Apply the learned decision function (hyperplane) to classify the test data point Step 8: Output the predicted class (malignant or benign)
Step 9: Calculate the accuracy of the model (correct predictions / total predictions)
Step 10: (Optional) Tune the hyperparameters (e.g., C, kernel type) using cross-validation to improve performance
SVM Classification
SVM attempts to find the optimal hyperplane that maximizes the margin between the classes. The decision boundary (hyperplane) is defined by:



f (x) = w. x+ b

where:
· ww is the weight vector (normal to the hyperplane).
· xx is the feature vector of the input data.
· bb is the bias term (offset of the hyperplane). For classification:
· If f(x)≥ 0, classify as one class (e.g., malignant).
· If f(x) < 0, classify as the other class (e.g., benign).
The goal of the SVM is to find the optimal values for ww and bb such that the margin between the classes is maximized. The margin is the distance between the hyperplane and nearest points from either class. These points are called the support vectors.
Performance Evaluation
After training the SVM model, you can evaluate its performance using metrics such as:
· Accuracy = (Correct predictions / Total predictions)
· Precision, Recall, and F1-Score for a more detailed performance measure, especially if the dataset is imbalanced.
Data:

	Radius
	Texture
	Smoothness
	Compactness
	Concavity
	Symmetry
	Fractal
Dimension
	Label (0/1)

	10.38
	20.25
	0.1
	0.1
	0.2
	0.15
	0.05
	0 (benign)

	12.49
	24.98
	0.12
	0.14
	0.18
	0.17
	0.06
	1(malignant)

	11.42
	22.42
	0.11
	0.12
	0.25
	0.12
	0.04
	0 (benign)

	14.02
	30.52
	0.13
	0.17
	0.3
	0.18
	0.07
	1(malignant)


EXPERIMENTAL SETUP
These techniques were experimented using the Machine Learning. The results of breast cancer detection using different methods were analysed by considering the Wisconsin Breast Cancer (Original) Dataset (WBCD) and other Wisconsin datasets, such as the Breast Cancer Wisconsin (Diagnostic) Dataset (WDBC) and Breast Cancer Wisconsin (Prognostic) Dataset (WPBC). The disease is estimated to have caused 9.6 million deaths in 2018. It is one of the leading causes of death worldwide. Each year, approximately 124 out of 100,000 women are diagnosed with breast cancer, and an estimated 23 out of 124 die from the disease. The World Health Organization (WHO) also reported that 25% of women in the US are diagnosed with this type of cancer at some point in their lives. In addition, more than 115,000 active cancer cases were recorded in Nigeria in 2018, with more



than 70,000 deaths from the disease. Furthermore, 22.7% of the total cases were breast cancer cases, with 16.4% of deaths recorded. The breast cancer trend chart showed that by the year 2040, the recorded cases would have increased from 26,310 in 2018 to about 50,921 active cases [36].
Breast cancer detection is performed according to the risk factor analysis. The results are compared with those of SVM, DT, and KNN. The performance analysis is performed with different parameters, which are listed below,
· Feature selection accuracy
· Feature selection time
· Space complexity
· False positive rate (FPR)

RESULTS AND DISCUSSION
The performance of the Support Vector Machine (SVM), K Nearest Neighbour (KNN) and Decision Tree (DT) are analysed by considering various metrics. The performance is evaluated in the form of tables and graphs.
7.1 Performance analysis of Feature selection accuracy

Feature selection accuracy is defined as the ratio of several relevant features correctly chosen to the total number of features. Feature selection accuracy is formalized as below.

[image: ].	Eqn. (4.1)

In equation (4.1), ‘[image: ]’ indicates feature selection accuracy and is computed in percentage (%).

Table 7.1 Tabulation of Feature Selection Accuracy

	Number of Features
	Feature Selection Accuracy (%)

	
	DT
	KNN
	SVM

	20
	81
	86
	90

	40
	79
	84
	88

	60
	83
	86
	90

	80
	84
	88
	89






	100
	81
	86
	88

	120
	79
	84
	90

	140
	78
	89
	90

	160
	83
	84
	92

	180
	84
	87
	91

	200
	86
	89
	92


Table 7.1 shows the results of the feature selection accuracy depending on the number of features collected by the WBCD. During the experiment, 20–200 features were considered for the analysis over ten iterations. In the experimental evaluation, the feature selection accuracy of the SVM technique is compared with KNN and DT. As observed in the above table, the feature selection accuracy of the three methods is improved by selecting relevant features. Comparatively, the SVM technique improves the feature selection accuracy more than the other conventional methods.
The feature selection accuracy of KNN and DT increased to 86% and 81% with the input of 20 features in the first iteration, respectively. Whereas the SVM technique achieved a feature selection of 90% when taking the number of input features as 20 from WBCD
[image: ].

Figure 7.1 Measure of Feature Selection Accuracy

Figure 7.1 shows the feature-selection accuracy results based on the number of features. The SVM technique is compared with DT and KNN. As shown in Figure 4.1, the feature selection accuracy is improved compared with state-of-the-art methods.



The SVM technique achieved better feature selection accuracy. In the feature selection process, the SVM finds the relational features and the objective function. Using correlation analysis, features are projected onto relevant and irrelevant subsets. This is performed using matching- projection tracking in the SVM technique. Consequently, the SVM technique uses only the relevant subsets to detect breast cancer. As a result, the accuracy of the feature selection in SVM is better than that of KNN and DT. .Therefore, SVM improves the accuracy of feature selection by 4% and 11% compared to KNN and DT, respectively.
7.2 Performance analysis of Feature selection time

Feature selection time is defined as the time taken by the algorithm to select a feature as relevant or irrelevant. Feature selection time is mathematically calculated as follows.
T_FS=n*T (Selection of a relevant or irrelevant feature)	Eqn (7.2)

In equation (4.2), T_FS is a feature selection time, n is the number of features and 'T' is the time taken to select a relevant or irrelevant feature. It is calculated in milliseconds (ms).
Table 7.2 Tabulation of Feature Selection Time

	Number of Features
	Feature Selection Time (ms)

	
	DT
	KNN
	SVM

	20
	24
	21
	15

	40
	23
	21
	17

	60
	25
	21
	19

	80
	26
	22
	21

	100
	27
	26
	24

	120
	30
	30
	26

	140
	31
	31
	29

	160
	32
	35
	30

	180
	33
	40
	31

	200
	36
	42
	40


Table 4.2 presents a comparative analysis of feature selection duration for three techniques: Support Vector Machine (SVM), K Nearest Neighbor (KNN), and Decision Tree (DT). The analysis considers various feature counts, ranging from 20 to 200, over ten iterations. During the experiment, all three methods efficiently selected relevant features for Breast Cancer detection. The table demonstrates a reduction in feature selection time across all three approaches.



Among them, the SVM technique exhibited superior performance in minimizing feature selection duration. In the experimental process, when using 20 input features, DT and KNN required 21ms and 18ms respectively to identify relevant features for Breast Cancer detection. In contrast, SVM needed only 15ms for feature selection with the same number of input features. Based on the data presented in Table 4.2, Figure 4.2 depicts a graph plotting the relationship between the number of features and the time taken for feature selection.
[image: ]

Figure 7.2 Measure of Feature Selection Time

The performance analysis of feature selection time in relation to 200 features from WBCD is illustrated in Figure 4.2. Each method calculates the feature selection time by altering the number of features per iteration. SVM undergoes evaluation using DT and KNN. The graph demonstrates that the feature selection time is reduced compared to previous studies. The point biserial correlation coefficient function achieves the shortest feature selection time.
This correlation function identifies features that are more closely related to the objective and places them in the relevant subset for breast cancer detection. Conversely, less correlated features are assigned to irrelevant subsets and excluded from the breast cancer detection analysis. This approach enables swift identification of relevant and redundant features, leading to a substantial decrease in feature selection time for the SVM technique. As a result, the SVM technique's feature selection time is reduced by approximately 9% compared to DT and 6% compared to KNN.
7.3 Performance analysis of False positive rate

FPR is defined as the ratio of some features wrongly chosen as relevant or irrelevant to a total



number of features. FPR is formalized as below,

[image: ]....Eqn. (7.3)

From the above equation (4.7), ‘[image: ]’ denotes a number of features. FPR is calculated in percentage
(%).

Table 7.3 shows the FPR result using three methods

	Number of Features
	False Positive Rate (%)

	
	DT
	KNN
	SVM

	20
	21
	16
	10

	40
	23
	18
	8

	60
	19
	15
	10

	80
	16
	13
	11

	100
	20
	15
	12

	120
	21
	16
	11

	140
	19
	17
	10

	160
	18
	15
	8

	180
	19
	13
	9

	200
	16
	14
	10


A comparison is made between the SVM technique and two other methods, DT and KNN. The analysis involves varying the number of features from 20 to 200. The results demonstrate that selecting specific features for predicting the delivery mode reduces the False Positive Rate (FPR) across all methods. Notably, the SVM technique shows a more substantial decrease in FPR compared to the other approaches. During the initial iteration, the FPR for DT and KNN is reduced to 21% and 16%, respectively. In contrast, the SVM technique achieves a 10% FPR, which is the lowest among the three methods. This pattern of SVM outperforming the conventional feature selection methods continues throughout all iterations, consistently yielding lower FPR values. Figure 7.3 below illustrates the relationship between the number of features and the false positive rate, based on the data presented in Table 7.3 above.
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Figure 7.3 Measure of False Positive Rate

Figure 7.3 shows the false positive rate based on the different number of features as input, which varied from 20 to 200. To prove its effectiveness in the feature selection process, the SVM technique is assessed with DT and KNN. Among the three methods, the SVM technique meaningfully decreases the false positive rate for breast cancer detection.
By applying point biserial correlation and projection pursuit technique, minimum FPR is achieved. First, the number of features is divided into two classes. Then, the point biserial correlation coefficient measure is estimated for each feature and objective function. Depending on the correlation result, the less correlated features are projected into the irrelevant subset, while the more correlated features are projected into the relevant subset. As a result, relevant features are considered for further processing. This, in turn, achieves a minimal false positive rate in the SVM technique compared to the other methods. Thus, the false positive rate of the SVM technique is reduced up to 45% compared to DT and 29% compared to KNN.

4. CONCLUSION
The SVM technique is designed to choose features with utmost precision, in minimal time, and with minimal trial and error. It uses projection and correlation measures to select the most noticeable features from the provided data set. The process involves finding the correlation between each feature and the goal function and then categorizing them into higher- or lower- correlated features. These characteristics are further projected into relevant and irrelevant subsets using pursuit projection. The pertinent features are then extracted and processed further using the SVM algorithm, a crucial step that enhances feature selection performance with increased precision and minimal time. The outcomes are rigorously analyzed by comparing the SVM



technique against two current approaches, DT and KNN. The experimental evaluation provides irrefutable evidence of the SVM technique's superiority in all aspects. It outperforms other feature selection techniques regarding FPR, feature selection accuracy, and feature selection time.
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