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Abstract- Breast cancer is one of the most widespread and 

deadly types of cancer. Early and accurate diagnosis of breast 

cancer improves the chances of survival and also the 

treatment. Breast cancer is detectable very early with ML 

techniques that are quite powerful and are being used in 

diagnostics, including imaging, pathology, and even genetic 

testing. This paper analyses the machine learning methods for 

breast cancer detection, which include traditional learning 

algorithms and deep learning techniques. It covers substantial 

areas such as data cleaning, feature engineering, model 

building, metrics used for model assessment, and barriers 

associated with deploying ML in practice. The paper also 

discusses recent and relevant sources on the trends in ML and 

the prospects of improving breast cancer diagnosis and 

lowering healthcare expenses. In conclusion, the paper 

discusses possibilities for developing ML applications for 

detecting breast cancer in line with new tendencies emerging 

in the global cancer diagnosis field, including explainable AI, 

model reusability and multi-source data fusion (Smith & 

Jones, 2020). 
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I. INTRODUCTION 

 

 The most common malignancy in women worldwide 

is breast cancer, and it continues to be a significant cause of 

death. Worldwide, more than 2.3 million new cases are 

diagnosed each year, according to the World Health 

Organization (WHO, 2021). The reduction of mortality and 

overall effectiveness of therapy depends on the stage at which 

the disease is diagnosed. On the other hand, as mammography, 

ultrasound, or biopsies are both non-invasive, widely used 

procedures, they have their limitations as well, including the 

subjective perception of operators, high positive predictive 

value, and the need for costly equipment and specialists. All 

these problems become even more acute in low-resource areas 

of the world.  

 

ML has gained momentum as a powerful tool in 

medical diagnostics and can potentially overcome several of 

these issues by automating complex data analysis. For 

example, the ML models can scan mammographic images for 

minutiae suggestive of malignant tumoursthat could be 

overlooked by humans. Furthermore, ML does not stop at 

imaging but can combine such data sets as genetic data, 

clinical data as well as the patients’ demographics to give a 

more comprehensive picture. 

 

  The use of ML approaches in detecting breast cancer 

has progressed greatly in the last few decades, and the 

accuracy of some models is beginning to rival trained 

radiologists (Esteva et al., 2017). Regardless of the recent 

progress in these systems, the application of these models in 

real-life scenarios is still in its early stages. The reasons are 

model explainability for various factors, ethical issues, and 

data security problems. This paper discusses these 

advancements but also critically addresses the knotty issues 

surrounding such potentially useful technology and 

visualisation techniques and aims to advance a lasting 

framework on howmachine learning can be injected into 

breast cancer detection. 

 

Objectives 

 

 To provide cutting-edge reviews about machine 

learning methodologies for breast cancer detection 

 To report the results of ML models on testing with 

open-access datasets. 

 To identify challenges and propose strategies for 

integrating ML into clinical practice. 

 

II. MACHINE LEARNING IN BREAST CANCER 

DETECTION 

 

2.1 Overview of Machine Learning Techniques 

 

ML is a term that is broadly used when referring to a 

variety of techniques that analyse medical data and attempt to 

predict outcomes. The most important are:  

 

A. Supervised Learning Models 
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A high-performance classification algorithm that has 

been successfully applied in the case of analysis of 

mammography images. 

  

Random Forest:  Method of ensemble learning that 

builds many decision trees and averagely votes the trees to 

achieve a better accuracy in classification. 

 

K-Nearest Neighbour(k-NN): A simple algorithm that is quick 

in the early period of development within tertiary in the 

detection of patterns. 

 

B. Unsupervised Learning Models 

 

 Clustering Algorithms: K-means clustering is a 

technique that helps identify groups of instances that 

are similar across the patient data set or images. 

 Dimensionality Reduction: Redundant data removal 

through the Principal Component Analysis Technique 

(PCA) without exaggerating the features set. 

 

C. Deep Learning Models 

 

 Convolutional Neural Networks (CNNs): 

Mammography imaging can be subjected to CNNs as 

this consists of aspects of voluntary and spatial 

hierarchies of structures. 

 Recurrent Neural Networks (RNNs): Great when 

handling time series data like the edical history of 

patients. 

 Transfer Learning: Several models, such as VGGNet 

or ResNet, depend on the entire length and are fine-

tuned to a few datasets. Hence, automatic detection 

does not require vast amounts of labelled data., 2020) 

 

2.2 Role of Feature Engineering 

 

detection. This includes organising and transforming 

the raw data into features that would make the model run more 

effectively. Among them, the items of Tumour size and shape, 

Texture and density and Hormone receptor status are the key 

features. 

 

Well-performed feature engineering allows models to 

be robust across different patients and imaging methods 

(Esteva et al., 2017). 

 

2.3 Application of Neural Networks 

 

CNNs and deep learning, in general, have made a big 

impact in the field of mammographic and histopathological 

imaging analyses. ResNet, DenseNet, Inception, et al. all 

showed impressive performance in the classification of 

cancerous tissues. CNNs enable the automatic learning of 

hierarchical patterns, which minimises reliance on handcrafted 

features (Smith & Jones, 2020). 

 

 
Figure 1: Typical architecture of convolutional neural 

networks (CNNs) used in Image analysis. Datasets Used in 

Research 

 

III. DATASETS USED IN RESEARCH 

 

3.1 Benchmark Datasets 

 

Datasets that can be accessed openly are of great use 

to ML development. Top datasets include: 

 

 Wisconsin breast cancer datasets: A database that is 

used frequently and contains information that assists 

in the diagnostics of breast tumours. 

 Digital Database for Screening Mammography: 

Contains images of mammograms that are labelled 

and can be used to develop deep learning algorithms 

(Wang & Chen, 2021). 

 Breast imaging reporting and data system: Provides 

consistency of the findings from imaging as well as 

helps in evaluating models (Huang et al., 2020). 

 

3.2 Ethical Concerns and Data Privacy 

 

The use of patient data raises ethical concerns, 

including privacy violations and potential misuse. Federated 

learning, which enables collaborative model training without 

sharing raw data, is emerging as a solution to mitigate these 

concerns (Sahoo et al., 2019) Data from the minority class. 

 

IV. CASE STUDIES AND EXPERIMENTAL ANALYSIS 

 

4.1 Performance Metrics 

 

To objectively analyse the effectiveness of breast 

cancer detection using these machine learning models, a 

comprehensive metric should be chosen for accuracy and 



IJSART - Volume 11 Issue 2 – FEBRUARY 2025                                                                            ISSN [ONLINE]: 2395-1052 
 

Page | 138                                                                                                                                                                     www.ijsart.com 

 

reliability, as well as clinical relevance. Commonly used 

metrics include:  

 Sensitivity (Recall): Measures the proportion of true 

positive cases out of all cases that needed to be malignant. 

High sensitivities are vital in limiting the number of 

cancer cases that are misdiagnosed.  

 Specificity: Indicates the proportion of true negative cases 

out of all cases that needed to be benign. High specificity 

minimises the unnecessary risk of performing biopsies 

and the stress on the patients. 

 Precision: Measures the number of true positives achieved 

against all the false positives predicted, therefore, 

measures the accuracy of the number of times the model 

aims to predict a positive case.  

 F1 Score: Introduced to solve the problem between 

precision and recall by compromising between them, 

especially in the case of imbalanced datasets. 

 ROC AUC (Receiver Operating Characteristic Area 

Under Curve): This metric is used to evaluate the ability 

of a model to differentiate between the positive and 

negative classes across varying thresholds. A higher AUC 

is better.  

 

 
Figure 2: Confusion matrix showing the effectiveness of a 

machine learning model in distinguishing between malignant 

and benign cases. 

 

4.2 Model Comparison 

 

The comparison of machine learning models helps to 

comprehend the model’s performance characteristics 

 

 Support Vector Machines (SVM): They are useful for 

small structured sets, but they are weak in scale with 

larger unstructured data. 

 Random Forests: Very good at working through data-

rich sets but may fail in highly dimensional features 

such as images. 

 Convolutional Neural Networks (CNNs): For tasks 

where image convolution and other patch-based 

approaches are needed, cancer identification 

processes in mammograms and other protocols are 

handled excellently by these structures. 

 

Experimental Case Study: 

 

The average comparison measure across 10 different 

runs across the Wisconsin Breast Cancer Dataset indicates 

that: 

 

 For SVM, more than 91% accuracy was obtained 

when utilising a linear kernel. 

 The Random Forest algorithm registered a 93% level 

of accuracy but after considerable feature tuning. 

 

Further, Smith and Jonest put CNNs on increased 

data variability to exceed 97% accuracy and feature high 

automatic extraction performance on both. 

 

 
Figure 3: Support vector machines (SVM), random forest and 

convolutional neural network (CNN) models performance 

observation through analysis of sensitivity, specificity and 

ROC-AUC. 

 

4.3 Real-World Applications 

 

In the advancements being made in machine 

learning-trained models, there are increasingly more machine 

learning models being integrated into the radiology and 

pathology workflows. Some examples include these tasks 

being accomplished by: 

 

 Computer-Aided Detection (CAD) Systems: Utilizes 

ML techniques to flag up certain areas of the 

mammograms that may require further examination. 

Research hasshown that these systems canincrease 

detection rates by as much as 15% (Esteva et al. 

2017). 

 Histopathology Image Analysis: CNNs perform the 

task of analysing the tissue samples and, as such, 

identify abnormalities within the cells. 

 Risk Prediction Models: Using a combination of 

distribution of the patients, imaging, and genetic data, 
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ML algorithms are able to provide estimations of the 

likelihood of developing breast cancer,paving the 

way for more personalised screening ways. 

Working Perspectives:In India, it was possible to note that 

the hospital was able to cut down on diagnostic errors in the 

interpretation of mammograms by 20% while improving 

workflow thanks to the CAD system, which relied on ML 

(Huang et al. 2020.) 

 

4.4 Challenges in Experimental Analysis 

 

Despite promising results, several challenges arise during 

experimental analysis: 

 

1. Data Imbalance: 

 

Breast cancer datasets often contain a greater number 

of benign cases than malignant ones. This has the effect of 

biasing model effectiveness as the algorithms are likely to be 

biased towards the majority class. 

 

• Oversampling: Increasing the number of instances 

from the underrepresented category. 

• Synthetic Data Generation: The use of methods such 

as GANs to obtain artificialmalignant components. 

 

2. Dataset Generalizability: 

 

Models constructed on region-specific datasets may 

not applyto the global population due to the contributions of 

various imaging protocols and patient demographic variables. 

Validation of the models when employing diverse datasets 

such as DDSM with BI-RADS is important for evaluations. 

 

3. Interpretability Limitations: 

 

A large number of deep learning models function as 

‘black box’ systems, which do not provide an explanation for 

the outputs. Explainable AI techniques in a refillable container 

such as SHAP (Lundberg & Lee, 2017) tackle this by 

displaying the level of importance attached to featuresto all 

healthcare institutions. Assisted techniques for driving cloud 

technology and model optimisation would aid in overcoming 

this barrier (Sahoo et al., 2019). 

9). 

 

V. CHALLENGES AND LIMITATIONS 

 

5.1 Data Imbalance 

 

Breast cancer data sets are mostly biased as the 

malignant cases tend to be lesser in number. To counter this, 

the application of the synthetic minority oversampling 

technique (SMOTE) and data augmentation would suffice this 

problem (Huang et al. 2020). 

 

5.2 Interpretability 

 

Black box models are accurate but are difficult to 

model, and therefore,they result in low implementation or lack 

of implementation in clinical practice. Explainable AI (XAI) 

programs such asSHAP as well as LIME can assist 

inaddressing this issue (Lundberg & Lee, 2017). 

 

5.3 Computational Complexity 

 

Resources needed by deep learning models are 

extremely high, and not all healthcare centres might possess 

this. Cloud solutions and optimisation approaches may help in 

this issue (Sahoo et al., 2019). 

 

VI. FUTURE DIRECTIONS 

 

6.1 Explainable AI 

 

Explainable AI (XAI) is an indispensable factor to be 

considered to earn trust in ML systems. The simpler the 

algorithm, the less effectiveness it has in terms of 

results.However, algorithms such as SHAP and Grad-CAM 

provide clinicians with an edge in understandingtheir 

implementation into the tools which motivate them towards a 

quicker adoption (Lundberg & Lee, 2017) Let us take a step 

back for a moment, several challenges arise when handling 

data in combination with machine learning algorithms during 

the experimental phase:  

 

6.2 Integration into Clinical Workflows 

 

Effortless merging of ML models into the workflows 

on a practitioner level requires the hands of specialists from 

the IT field who diagnose and comprehend the health systems 

of people. A proper determination of acute cases through the 

accurate diagnosis of acute cases assists tremendously in 

making a system more effective (Esteva et al., 2017). 

 

6.3 Multi-Modal Analysis 

 

The very near future revolves around the fusion of 

many other data infants, such as imaging, genetics as well and 

the history of the patient per se. Using the multi-modal 

approach assisted with the ML models gives greater 

enhancement in understanding the diseases of the patients, 

ensuring a comparative perception towards developing 

personalised treatment programs (Huang et al., 2020). 
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VII. CONCLUSION 

 

The use of machine learning aids in identifying breast 

cancer in patients much more easily than previously. It can be 

appreciated because of the automation it brings to the 

diagnostics process, the accuracy and the scalability. In this 

paper, machine learning techniques, including supervised 

learning algorithms such as Support Vector Machines and 

further deeplearning models such as Convolutional Neural 

Networks, were analysed, and their effectiveness inproviding 

imaging analysis and forecasting was demonstrated. But such 

progress is also partnered with a few barriers. 

 

This study highlights the importance of using real 

data across a wider range of patients’ demographics. Problems 

with performance in diagnostic capabilities can arise from 

biasing that exists in the databases that are more commonly 

used and seem to favour certain subgroups. Federated learning 

is among collaboration methods that are effective since it 

facilitates the use of data without compromising people’s 

privacy. In the future, these processes will be integrated into 

ones where ML models co-exist alongside other clinical 

workflows. This is important since the models will not be the 

ones in charge. Combining different approaches, imaging, 

genetic, and clinical data approaches even more is promising 

in this regard.  
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