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Abstract. Breast cancer is any malignant tumor that is found in the breast region. This cancer is one of the main 

causes of death among women. Hence, early identification of breast cancer using diagnostic Mam- myography 

and screening increase survival rates and the options available for breast cancer treatment. Manual screening and 

traditional laboratory techniques for detecting breast cancer are prone to error. Hence, classifier schemes based 

on image analysis are extensively used in medical diag- nosis. Consequently, multiple classifier algorithms have 

been smeared on medical datasets to predict breast cancer tumors. Advanced techniques like machine learning, 

which is a subset of artificial intelligence, are utilized to forecast breast cancer tumors. Also, the high number of 

image features in the breast mammograms decreases the speed of the classification process done with machine 

learning techniques. Therefore, feature selection procedures are implemented to reduce the computation cost and 

increase the performance of the classifier. When several machines learning approaches are integrated, then it is 

termed ensemble learning. How- ever, since there is no extensive literature that concentrates on ensemble machine 

learning techniques and various feature selection approaches utilized in the Classification of breast cancer. Hence, 

the current study attempts to review the steps involved in breast cancer diagnosis and Classification of Breast 

cancer using diverse Feature selection techniques with Ensemble Machine Learning methods. Finally, the study 

provides suggestions for improving the accuracy of breast cancer diagnosis using advanced machine-learning 

approaches 

Keywords: Breast cancer, mammograms, Feature Selection, Feature Extraction, Machine Learning and Ensemble 

learning  

1 Introduction  

One of the main causes of female deaths worldwide is cancer. Breast cancer is one of the cancers that kills the 

most women out of all the ones there are. [1]. One in eight and one in twelve women in the modern world will 

develop breast cancer during their lifetime. [2]. Hence, the breast cancer diagnosis is very significant. The early 

detection of breast cancer will save millions of lives. Even though breast cancer diagnosis has been implemented 

for over forty years utilizing ultrasound, Magnetic Resonance Imaging, X-ray, and so on[3], biopsy procedures 

are having said that the main approaches used to detect breast cancer in a precise manner. Based on image analysis, 

a Breast cancer diagnosis has been investigated for the past few decades, and there have been various prominent 

investigation accomplishments in that region. Initially, the clinical images are gathered from a database which 

contains background noise and unessential information. The preprocessing procedure is usually used to segregate 

these from the mammogram and precisely create the image for further progression [4]. Women who are at in-

creased risk of breast cancer can be examined through Mammography. This is the most utilized technique in 

hospitals and clinics [5]. To monitor high-risk breast cancer patients, the Magnetic Resonance Imaging(MRI) 

method can be executed along with the Mammography[6]. 

Conventional laboratory approaches such as MRI and Computed Axial Tomography have been considered to be 

beneficial. On the other hand, it delivers very scant information regarding the cancer's progression mechanism. 

Conversely, the improvements in Deoxyribonucleic acid microarray technology have delivered maximal through-

put samples of gene expression. Machine Learning (ML) technique has been employed to identify breast cancer 

treatment or continued existence [7]. This ML approach has turned out to be a significant part of medical imaging 
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investigation. These approaches have transformed over the decades from manual broadcasted inputs to pro-

grammed initializations. Improvements in the arena of machine learning have resulted in enhanced self-reliant 

and intelligent computer-aided diagnosis systems since the learning capability of machine learning approaches 

has been continually developing. Numerous automated procedures evolving with deep feature learning and rep-

resentations are emerging in advanced times[8]. These machine-learning approaches will detect whether cancer 

is benign or malignant [9]. 

Various ML approaches are utilized to identify, organize, and detect breast cancer based on characteristics mined 

from medical imaging. The choice of proper image enhancement, segmentation, feature selection, feature extrac-

tion and forecasting or classification algorithm is regarded as the essential step in accurate cancer diagnosis upon 

mammograms, and it is one of the primary tasks in the field investigation. Classification techniques forecast the 

class label for unlabeled datasets based on their proximity to the learnt configuration [10]. Presently, the advanced 

approach of combining several ML algorithms, called ensemble learning, is being employed in detecting breast 

cancer. Various investigations examined the well-established Machine learning approaches embraced for every 

step involved in breast cancer diagnosis, such as Classification, identification and the segmentation process. Ad-

ditionally, various scholarly works discuss and review the usage of several imaging modalities for cancer diagno-

sis. Also, several researchers deliberated and equated traditional ML algorithms employed for breast cancer de-

tection. However, only a few studies attempt to review advanced machine learning techniques such as ensemble 

learning and the significance of feature selection and feature extraction procedures in the Classification of Breast 

cancer. To resolve these gaps, the present study intends to review the existing scholarly works regarding the 

Classification of breast cancer utilizing various feature extraction and feature selection approaches with advanced 

machine learning techniques like ensemble learning. Finally, this review provides suggestions for improving the 

accuracy of breast cancer diagnosis using advanced ML techniques. 

2 Breast cancer- stages 

The breast tumour is generally of two major kinds: malignant and benign. Among these 2 kinds, a benign lesion 

is not tumorous; it is some abnormality in the cell, and it is not the reason for breast cancer. Meanwhile, the 

malignant lesions are cancerous. The spreading of malignant cells takes place at a rapid level, leading to the 

progress of breast cancer. Both malignant and benign cells have irregular structures and appearances; hence, it is 

very difficult to differentiate between them using manual methods. It is challenging for radiologists to accurately 

categorize malignant and benign patterns in digital mammograms[11]. During its early phase, the pictorial clues 

are understated and vary in appearance, thus making the diagnosis of breast tumours difficult for specialists and 

doctors. Hence, an intelligent classifier is needed that can aid radiotherapists in categorizing apprehensive areas 

and detecting breast cancer. 

Consequently, an academic work [12] examines the direct learning classifier for the soft clustered-based detection 

of malignant areas in mammograms. The presented approach has achieved 97% grouping exactness on the test 

set. This is generally higher when contrasted with the standard multi-facet Perceptron classifier and different 

winning methodologies. Another work [13] executed 3 expectation models for bosom disease survivability on 2 

boundaries, like threatening and harmless malignant growth patients. This work utilized 3 popular information 

mining procedures: Radial Basis Function Network, Naive Bayes, and a decision tree (J48). The results of this 

examination uncovered that the Gullible Bayes shows a brilliant grouping precision of 97.36 percent when con-

trasted with different models, for example, outspread premise capability and choice tree. 

Table 1. Classification of cancer stage as per the survival rate 

(Source: [14]) 

Classification 5-year survival rate (%) Stages of cancer 

In situ    100∗3 0 

Early invasive   98.0 (𝑙𝑜𝑐𝑎𝑙)∗3 I, IIa, IIb 
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Classification 5-year survival rate (%) Stages of cancer 

 83.6 (𝑟𝑒𝑔𝑖𝑜𝑛𝑎𝑙)∗3 

Locally advanced †   574 Ia, Ib, Ic IV 

Metastatic †  23.4∗3 

 

Table 1 depicts the various stages of cancer, and it is explained as follows, 

• Stage 0: Lobular carcinoma In situ is a coincidental minute finding of strange tissue development in the breast 

lobules. The findings of the study[15] reveal that the minimal risk of increasing Invasive Breast cancer followed 

by the occurrence of Lobular carcinoma In situ is seven per cent at ten years. 

• Stages I and II: For early-stage Invasive breast cancer, surgery-modified radical mastectomy has been a widely 

utilized treatment. Also, breast-conserving surgery is been suggested[16]. 

• Stage III and IV: Five-year survival rates are better for the initial stage of barest cancer, such as Stage 0 and 

Stages I and II, when compared to the advanced stages like III and IV [17]. 

2.1 Diagnosis types 

Various approaches for breast cancer diagnosis and evolving sophisticated techniques for improving identification 

accuracy have been varied for the past few years. Among those approaches, Mammography is the most widely 

adopted approach for screening breast cancer. It is utilized to identify the presence of micro-calcification, cysts 

and cancerous tumours in the breast [18]. Figure 1 denotes the usual specimen of the mammograms.  

 

Figure 1. (a)Dense breast Mammogram (b) Mammogram representing a breast tumor (c) Micro calcifications 

present in breast mammogram (Source: [19]) 

Another investigation [20] reveals that Thermography, when utilized with well-established protocols, can recog-

nize the initial symptoms of cancer for around eight to ten years before Mammography. Also, it is found that 

compared to Mammography or even the aggregated usage of high-frequency breast ultrasound and Mammogra-

phy, surveillance with Magnetic Reasoning Imaging permits the initial diagnosis of hereditary breast cancer [21]. 

One more significant part of the enhancement of initial breast cancer identification is Thermography. This is not 

an alternative to Mammography; instead, it is a unique method. Therefore, a system which merges Thermography, 

Mammography and clinical examination can surge the possibility of early detection of Breast cancer. This thermal 

imaging can be utilized as the pre-screening diagnostic approach that will decrease the number of females who 

must go through the mammography screening[22]. In recent times, ML-based interpretable diagnosis systems 

have been capable of improving cancer diagnosis capabilities and reducing prediction inaccuracy [23]. 

3 Datasets of Breast Cancer 

An interpreted database is significant for improving and endorsing ML systems for classifying breast cancer. 

These breast mammography images can aid in increasing the classification accuracy while integrated with ML 
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methods. A Conventional study[24] employs the publicly available data of breast cancer tumours from the Wis-

consin Hospital and applies feature selection and ML algorithms such as Naïve Bayes, C4.5 decision tree, and 

Support vector machine for Classification of Breast cancer. This study performs the breast cancer diagnosis by 

utilizing this Wisconsin Diagnostic Breast Cancer (WDBC)[25]. The results of the review uncover that the C4.5 

choice tree achieves the ideal results in the finding of Bosom malignant growth when contrasted with the Help 

vector machine and Naïve Bayes. Similarly, another inquiry [26] utilizes the Wisconsin Breast Cancer dataset. 

This dataset is openly available at the University of California Irvine Machine Learning Repository[27]. This data 

set is used to distinguish the malignant tumour from the malignant. 

Another investigation [28] introduces the dataset for the classification of histopathological images of breast cancer 

(BreakHis). This dataset is made out of 7,909 bosom malignant growth histopathology pictures from 82 patients 

with different amplification factors. Similarly, another study[29] performed extensive experiments on the diagno-

sis of breast cancer using datasets from the 2012 and 2014 challenges of the International Conference on Pattern 

Recognition. One more information base gained from the ICIAR 2018 Thousand Test is Bosom Malignant growth 

Histopathology Pictures [30]. There are 400 images in this database, and they fall into four distinct categories: 

invasive carcinoma, in situ carcinoma, benign carcinoma, and normal carcinoma. The high-goal pictures are dig-

itized mechanized with an amplification variable of 200 X and indistinguishable circumstances. Subsequently, an 

inquiry[31] utilizes a small number of breast cancer histopathological images from the Bio-Image Semantic Query 

User Environment dataset. The photograph size is 896 ×768 pixels. It has images that are both harmful and good. 

4 Preprocessing Methods 

Preprocessing is needed to transform the image into a less complicated and effective form. It decreases the image's 

noise and aids in recognizing the focal regions. Data transformation and preprocessing are usually needed before 

implementing data mining over medical data, specifically the data compilation by utilizing information from the 

data itself [32].In this preprocessing method, the undesirable objects are segregated from the mammograms that 

involve background noises, labels and annotations, which is clearly illustrated in Figure 2 [33]. The noise is re-

duced, and the mammary-processing method enhances the mammogram image 

 

Figure 2. Steps involved in preprocessing of mammogram images 

(Source: [33]) 

Likewise, another investigation [34] executes a four-step image preprocessing method that includes the bounding 

box identification, which consists of the tumour region. Through expanding and mining the bounding box, stand-

ardizing the intensity of the image and normalizing the image, the research acquired an accuracy of over ninety 

per cent. Furthermore, an inquiry [35] introduces efficient preprocessing techniques to produce datasets, which 

can reduce computational time for the neural network and enhance classification rates and accuracy. This study 

introduces the Huangs Fuzzy Thresholding and Rolling Ball algorithm for background removal. This introduced 
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method accomplishes the background removal of the images. Also, for the removal of pectoral muscle, this inves-

tigation employs Hough’s line transform and canny edge Detection method. 

5 Feature Extraction and Selection Methods 

The foremost procedure in medical image processing is the extraction of features. It entails the selection of specific 

parameters called features from a breast thermogram, which are then analyzed and compared to derive meaningful 

outcomes [36]. The research aims to propose an approach for extracting features that can aid in the Classification 

of breast abnormalities through Thermography. The recommended strategy involves utilizing an interval symbolic 

representation of image data, which takes into account the inherent variability in the data [37]. The conventional 

approach can significantly enhance the accuracy of Classification by utilizing interval data. The interval meta-

phorical feature extraction procedure contains a three-stage process. The suggested technique yields satisfactory 

results for the global misclassification rate and sensitivity for the malignant class, demonstrating a high level of 

performance in comparison with other relevant exams, including Mammography [38] 

In a paper, they have created a diagnosing system based on support vector machines (SVM) that involves three 

stages. In the first stage, we use principal component analysis to remove redundant information and extract rep-

resentative patterns from the original data [39]. By reducing the dimension of the feature space, the tried-and-true 

approach aims to make computations simpler. In the following stage, they apply the differential advancement 

calculation to find the ideal boundary values for SVM. They then, at that point, train a classifier to recognize 

approaching growths. They look at classification precision, acuity, explicitness, and the area under the receiver 

operating characteristic curves to estimate the classifier's effectiveness simultaneously. When contrasted with 

other assortment strategies like K-closest neighbor, irregular woods, packing, gullible bayes, and choice tree, their 

proposed method exhibits predominant execution [24, 40]. They conducted fivefold cross-validation tests on the 

Wisconsin Diagnostic Breast Cancer (WDBC) set of data from the University of California [41]. 

The significant procedures in the Classification of breast cancer are feature selection and feature extraction. It is 

a well-established fact that the malignant and benign lesions vary in terms of pixel values and shape[42]. It is 

essential to choose the features associated with the boundary and shape of the lesion. A significant approach to 

determining a subset of suitable features in constructing a model is called feature selection. Feature selection 

approaches are extensively utilized in model generalization for easier elucidation, preventing over-fitting issues, 

handling dimensionality and decreased training times [43]. Various feature selection approaches are employed 

and have been improved for the motive of the predictive model's optimization. Usually, there are 2 kinds of feature 

selection, such as wrapper and filtering approach. Due to its significance, an existing study[44] employs the crow 

search algorithm for feature selection in multifaceted problems. The results obtained using the crow search algo-

rithm are compared with the outcomes of several algorithms. The outcomes of the simulation exhibit that this 

crow search algorithm will result in optimal results. 

To accurately and quickly detect breast cancer, the introduced method employs a combination of supervised (Re-

lief algorithm) and unsupervised (Autoencoder, PCA algorithms) techniques to select relevant features from a 

dataset[45, 46]. These selected features are then utilized to train and test a support vector machine classifier. The 

methodology additionally integrates k-overlay cross-approval for model approval and determination of ideal hy-

perparameters. The proposed method employs BC datasets for testing, and model performance evaluation metrics 

are used to evaluate the model's performance. Trial results show that highlights chosen by the Alleviation calcu-

lation are more successful in recognizing bosom malignant growth than those chose by the Autoencoder and PCA 

calculations. On certain features selected by the Relief algorithm, the proposed method achieves a remarkable 

accuracy of 99.91 percent. [45]. 

 

6 Classification using Machine learning methods 

The research aims to anticipate breast cancer, which is the second most typical cause of mortality among women 

globally. Recognizing and preventing it in its early phases can enormously decrease the risk of fatality. To deter-

mine the most efficient algorithm, this investigation utilized four machine learning techniques - Random Forest, 

Naïve Bayes, Support Vector Machines (SVM), and K-Nearest Neighbors (K-NN)[47]. The findings displayed 
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that SVM delivered the highest accuracy rate at 97.9%. This in turn lead to the discovery which will aid in choos-

ing the most suitable machine-learning algorithm for predicting breast cancer  [48]. 

Diverse medical applications have utilized machine learning approaches as valuable tools to support physicians 

in making informed decisions based on available data and in the development of medical expert systems. In this 

investigation, five of the most popular nonlinear machine-learning algorithms were utilized to notice breast can-

cer[49]. Each algorithm's methodology and key features were explained, and the Wisconsin Breast Cancer Diag-

nostic (WBCD) dataset was utilized as a benchmark to resemble the presented models' implementation, including 

MLP, KNN, CART, SVM, and NB. The MLP algorithm demonstrated the highest precision of 96.70% on the 

training data, outperforming the other four algorithms. The models' performance was assessed based on accurate-

ness, precision, and recall of unseen data after estimation, and the k-fold cross-validation technique was used to 

test their capabilities. The consequences of introspection confirmed the MLP model's superior performance, 

achieving accuracy, precision, and recall scores of 99.12%, 99.00%, and 99.00%, accordingly  [50]. 

The review meant to examine the adequacy of five AI calculations, in particular Help Vector Machine, Arbitrary 

Timberland, Strategic Relapse, Choice Tree (C4.5), and K-Closest Neighbors (KNN), on the Bosom Disease Wis-

consin Demonstrative dataset [51]. Following this, we performed a comprehensive performance evaluation and 

comparison of these classifiers, with a primary focus on forecasting and diagnosing breast cancer using machine 

learning techniques. The study sought to identify the most effective algorithm based on the confusion matrix, 

accuracy, and precision. Notably, the Support Vector Machine outperformed all other classifiers, achieving the 

highest accuracy rate of 97.2\% [51]. 

Another study aims to assess the effectiveness of various Machine Learning classifiers in predicting breast cancer. 

Six commanded classification methods, i.e. SVM, NB, KNN, RF, DT, and LR, were operated to classify breast 

cancer disease. Sensitivity, specificity, f1 measure, and overall accuracy were employed to assess the breast cancer 

dataset[52, 53]. The effects indicate that SVM had the most elevated performance, with a classification precision 

of 97.07%. NB and RF also demonstrated high precision and came in second position. These consequences rec-

ommend that creating a predictive system based on machine learning could aid in the earlier detection of breast 

cancer, potentially diminishing its incidence [52]. 

7 Comparative analysis 

This section performs the comparative analysis of various well-established and ensemble ML techniques em-

ployed in the Classification of breast cancer, and it is illustrated in Table 2. 

Table 2. Various classification techniques and feature selection /extraction techniques are used in Breast cancer 

detection 

Au-

thor 

Dataset 

utilized 

Feature 

selection/ 

Feature 

extraction 

technique 

Classifica-

tion 

method 

Accuracy Limitations 

Future 

Recommenda-

tions 

[ 54 ] Kaggle-

Breast 

Cancer Da-

taset 

( KBCD ) 

Chi - 

Square 

Tropical 

convolution 

Neural Net-

works 

( TCNNs ) 

99.46 % , In future, they need 

.to apply TCNNs to 

diverse deep neural 

networks 

[ 55 ] DDSM and 

IN 

breast 

FDCT - 

WRP ( FE 

) 

MODPSO 

SVM 

DDSM - 

98.94 % 

MIAS - 

98.76 % 

In future, they will 

examine the effi-

ciency of the 

existing design to 

enhance specula-

tion with a few im-

aging modalities 
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like X ray, biopsy 

.ultrasound , and so 

on . 

[ 56 ] Digital 

Database 

for 

Screening 

Mammog-

ra-

phy(DDSM 

) 

 

--- Hybrid 

(ShuffleNet 

ResNET ) 

98 % --- 

[ 57 ] 

 

Mammog-

raphy Im-

age Analy-

sis Da-

taset(MIAS 

)  

INbreast ,  

DDSM 

 

ResNet - 

18 

 

Extreme 

Learning 

Machine( 

ELM ) 

INbreast 

98.27 % 

MIAS - 

98.14 % 

DDSM - 

97.19 % 

In future, they 

using suggest 

various 

preprocessing 

techniques with 

[ 58 ] ( MIAS ) Texture, 

Shape, 

Statistic 

feature 

SVM 92.50 % Researchers aim to 

enhance the 

proposed system 

for diagnosing 

breast cancer by us-

ing GMM on the 

entire 

Mini - MIAS da-

taset . 

 

[ 59 ] Wiscon-

sin's 

breast can-

cer 

data reposi-

tory . 

Grid 

approach 

search 

optimized 

KNN 

model 

94.35 % . --- 

[ 60 ] Mammo-

gram 

Image data 

set 

relief algo-

rithm 

LS - SVM , 

KNN , 

Random For-

est 

and Naive 

Bayes 

Approx . 

97 % 

by LS - 

SVM 

--- 

[ 61 ] Image 

Analysis 

Society 

Digital 

A joined 

dark level 

grid and 

co-event 

(GLCM)di

Advanced 

Thermal 

Exchange 

Optimizer 

93.79 % --- 
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Mammo-

gram 

Database  

screte 

wavelet 

change 

(DWT) 

technique 

[ 62 ] The infor-

mational 

index uti-

lized in this 

study was 

gathered 

between 

Walk 

2012 and 

Walk 

2018at 

Jeonbuk 

National 

University 

Hospital 

( JNUH ) . 

Inception - 

v3 

architec-

ture 

modified 

convolu-

tional 

neural net-

work 

( CNN ) 

88 % In future , it 13 

recommended to 

assess this work 

with more robust 

classification 

algorithms for 

detection of breast 

cancer 

[ 25 ] Wisconsin 

Diagnostic 

Breast Can-

cer 

(WDBC)  

Dataset . 

Linear dis-

criminant 

analysis 

Radial kernel 

),ANN 

and Naïve 

Bayes " 

SVM ( using 

basis 

98.82 % This work can be . 

extended by 

comparing several 

ML techniques for 

diagnosis of breast 

cancer . 

[ 63 ] Breast Ul-

tra-

soundImag

es( BUSI) 

dataset 

reformed 

differential 

evalua-

tion(RDE) 

and re-

formed 

gray 

wolf 

(RGW  

machine 

learning 

algorithms 

99.1 % The database size 

can be increased in 

future for 

classification of 

cancer breast 

tumour . 

[ 64 ] METABRI

C 

dataset 

convolu-

tional 

neural net-

work 

stacked – 

based en-

semble ma-

chine learn-

ing model 

90.2 % The METABRIC 

dataset is very 

small 

and it is the main 

limitation of this 

study . 

[ 65 ] BreaKHis 

dataset 

Dense-

Net201 

XGBoost 97 % Later on , a few 

additional spaces 

and headings can 

be 

investigated to 

work 

on this technique . 



Tuijin Jishu/Journal of Propulsion Technology 

ISSN: 1001-4055 

Vol. 46 No. 2 (2025)   

__________________________________________________________________________________ 

7076 

 

These include 

examining this 

method's memory 

and time efficiency 

. 

Plus , assessing this 

technique on one 

more comparable 

dataset can like-

wise 

be performed to 

affirm this strategy 

further . 

[ 66 ] Wisconsin 

Breast Can-

cer 

( WDBC ) 

" Correla-

tion - 

based 

selection , 

Infor-

mation 

Gain 

based se-

lection and 

Sequential 

feature 

selection " 

ensemble - 

based 

Max 

Classifier 

Voting 

99.41 % . In future, AI 

procedures can be 

coordinated with 

neuro - fluffy and 

profound learning 

approaches for 

productive finding. 

By machine learn-

ing  

combining CNN / 

Auto - encoder, 

neuro - fuzzy 

systems, and 

swarm 

optimizations to 

integrate optimal 

feature selection , 

feature extraction , 

and classification 

for medical imag-

ing 

data , new hybrid 

models can be 

proposed . 

[ 67 ] " Breast 

Cancer 

Wisconsin 

( Diagnos-

tic ) 

Data Set " 

" Particle 

Swarm 

Optimiza-

tion , 

Genetic 

Search 

and 

Greedy 

Stepwise " 

( C4.5 Deci-

sion Tree Al-

gorithm) 

.Support 

Vector 

Machine , 

J48 

Multilayer 

Perceptron ( 

a 

feed - for-

ward 

ANN ) " 

" J48 Deci-

sion Tree 

classifier 

with the 

Genetic 

Search 

algorithm 

for feature 

selection 

achieves 

accuracy 

98.83 % " 

" The future scope 

of 

work includes the 

prognosis of breast 

cancer using 

thermal images and 

IoT - based sensors 

" . 
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Accuracy metrics are the most widely embraced approach for performance assessment of breast cancer classifi-

cation models. From the outcomes of table 2, it is revealed that the introduced Tropical convolutional Neural 

Networks for detection of breast cancer attains the highest accuracy of 99.46%. Also, it is revealed that the WDBC 

and MIAS and DDSM are the widely employed datasets for classification of breast cancer using various feature 

selection techniques and ensemble Machine learning technique. 

8 Discussion 

The study's extensive review revealed that the machine learning algorithm and an efficient method for image 

preprocessing, segmentation, feature selection, and extraction improved the accuracy of breast cancer predictions. 

In addition, it is shown that the accuracy of predictions for the classification of breast cancer is improved by 

combining a number of ML algorithms into a single unit. Similarly, an existing study [68] induces that the imped-

iment of a solitary model exhibition can be diminished by the troupe AI calculation inside the setting of bosom 

malignant growth determination. The six principal steps associated with bosom malignant growth determination 

utilizing AI procedures are stacking pictures from the bosom disease dataset, preprocessing, division, include 

extraction, highlight choice lastly, the Order of bosom disease cancers. Also, conventional study [69] utilizes the 

WDBC dataset, and it is a broadly used dataset for bosom malignant growth determination with the guide of the 

ML approach. The effectiveness of the characterization strategies engaged with the expectation of bosom malig-

nant growth can be improved by utilizing proper element choice methods and a reasonable dataset. 

The ideal machine learning classifier is identified and improved by means of experimentation with the suitable 

medical dataset available for breast cancer diagnosis[70]. An academic work [71] performs the detection of breast 

cancer on various breast cancer datasets such as Wisconsin breast cancer, Wisconsin prognosis breast cancer, 

Mammographic Mass dataset, and WDBC. By choosing the proper feature selection technique and dataset, breast 

cancer prediction accuracy can be increased using the ML classification technique. ML techniques have been 

employed in categorizing medical data for the past few years. Even though various approaches have been im-

proved to detect breast cancer tumours, various issues like accuracy exist. In order to resolve this gap, a conven-

tional study[72] utilizes the ensemble approach to classify the breast cancer tumour. Likewise, another study [73] 

suggested an ensemble feature selection technique approach on the basis of mean criteria for selecting appropriate 

features for classifying breast cancer data.  

Moreover, this review identifies the commonly used ML techniques in the Classification of breast cancer, such as 

SVM, convolutional neural network, decision tree, ensemble learning, etc. Correspondingly, another study [74] 

reveals that the quadratic SVM achieves the highest accuracy in the selection of breast cancer. The recent ad-

vanced ML approach is the Deep Learning (DL). Deep learning has greater potential within the context of image 

processing and analysis. Also, this advanced ML technique has a wider scope in the Classification of breast cancer 

[75]. In future, various large datasets can be utilized for the Classification of breast cancer using advanced ML 

approaches [76]. The outcomes of scholarly work reveal that the ensemble ML approach attained better outcomes 

with respect to the Classification of breast cancer when compared to other traditional machine learning techniques 

[70, 77-79]. Consequently, a recent study [80] strongly recommends integrating ensemble ML approaches and 

DL algorithms to increase the detection accuracy of Invasive breast cancer detection. 

9 Conclusion 

This review assesses and surveys the ML procedure, troupe draws near, and different element choice methods 

utilized for the arrangement of bosom disease growths. A robust classification system for breast cancer is built on 

this, in turn. Likewise, this audit recognizes the meaning of component choice and element extraction approach 

in the order cycle of bosom disease information utilizing the outfit ML approach. The arrangement precision of 

bosom disease can be upgraded by utilizing progressed ML approaches alongside the appropriate picture improve-

ment procedures. Advanced machine learning methods like deep learning and ensemble learning have recently 

outperformed the other models that predict breast cancer tumors. The results of this audit can be helpful to exam-

iners who are attempting to help radiologists by expanding the exactness of the discovery of bosom malignant 

growth. Different datasets are utilized for the distinguishing proof of bosom malignant growth, and a few existing 

investigations used little datasets for the expectation of bosom disease. The consequences of the audit unequivo-

cally display that the group AI strategy, alongside the component determination approach, beats other customary 
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methodologies in the forecast of bosom malignant growth information. Later on, this survey prescribes using huge 

datasets to analyze bosom malignant growth utilizing progressed ML strategies like profound learning. 
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