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ABSTRACT 

Breast cancer (BC) remains a major etiology of motility for female gender in the world, accounting for more 

than 2.3 million new fatalities annually. Despite early detection and treatment advancements, significant 

challenges persist, particularly in personalized management and preventive interventions. Recent 

technological innovations, such as the integration of artificial intelligence (AI), have shown promise in 

improving BC diagnosis and management. AI has been successfully applied in mammography, MRI, and 

advanced imaging techniques to enhance the accuracy and efficiency of BC detection, offering earlier 

intervention and personalized care. AI's ability to analyze high-resolution images has proven effective in 

detecting breast masses, classifying benign and malignant tumors, and assessing breast cancer risk. 

Additionally, deep learning (DL) algorithms and radiomics have emerged as valuable tools, providing 

refined predictive analytics and reducing false-positive rates. However, the widespread adoption of AI in 

clinical settings is hindered by factors like data heterogeneity, confidentiality concerns, limited 

generalizability, and the need for specialized training among healthcare professionals. Despite these 

limitations, AI’s potential in revolutionizing breast cancer care is immense, providing appreciable 

development in the are of disease screening accuracy and treatment outcomes. Addressing the existing 

challenges through collaborative research, standardized data, and ethical frameworks is crucial to realizing 

the full benefits of AI in BC diagnosis and management. 
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INTRODUCTION 

Through the course of the last ten years, breast carcinoma has been the most prevalent cause of mortality 

among women worldwide, prompting extensive efforts to improve prevention and early detection. In 2020 

alone, over 2.3 million women were diagnosed, with 33.5% succumbing to the disease [1]. Even with the 

present development in technology, which has enhance molecular identification of the causes and associated 

risk factor among breast cancer patients, there are still issues with individualized therapeutic therapy and 

preventative. As one of the most serious health challenge faced by women in the recent years, breast cancer 

has led to significant psychological distress [2] and numerous fatalities. While early treatment can lower 

mortality rates, late diagnosis often proves fatal. BC development is influenced by several factors such as 

age, female reproductive status [3], testosterone levels, menopause, family history, genetic diseases [4], and 

environmental variables. Blood veins, connective tissues, milk ducts, lobules, and lymph nodes make up the 

breast. When aberrant cells develop into tumours inside these structures, breast cancer results [5]. It may be 

benign or malignant, with malignant tumors classified as either invasive or non-invasive. Invasive breast 
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cancer aggressively spreads to nearby tissues, while non-invasive breast cancer remains localized. A 2020 

global assessment reported approximately 2.3 million new cases of breast cancer, leading to 685,000 deaths. 

In the United States, around 13% of women are projected to develop breast cancer in their lifetime. 

Annually, 287,850 invasive cases and 51,400 non-invasive cases are recorded.  

While incidence rates have surged, recent advancements have contributed to a decline in mortality [6]. The 

integration of computational intelligence (AI) in the detection of breast cancer is a promising development, 

enhancing detection accuracy through high-resolution imaging of tissue samples. AI, which applies 

computational models to simulate human cognitive abilities, is proving effective in addressing complex 

medical challenges, including cancer [48, 49]. Given the genetic and epigenetic variations contributing to 

cancer’s complexity, AI algorithms hold great potential in identifying gene mutations and protein 

abnormalities at an early stage, improving early diagnosis and intervention [46, 47]. 

Applications of Artificial Intelligence in Medicine 

Applications of AI in Mammography 

Mammography is one of the most commonly used techniques for breast cancer screening [7]. It is a non-

invasive method known for its minimal discomfort, ease of use, high resolution, and reproducibility. The 

images obtained can be compared over time and are not restricted by a patient’s age or body shape. 

Mammography enables the detection of breast masses something a physical examination might not be able 

to feel and effectively differentiates between benign and malignant breast lesions. Mammograms are 

currently capture with full-field digital mammography (DM) system and come in two formats: raw imaging 

data for processing and postprocessed raw data for display [8]. In recent studies, AI has been widely applied 

to mammography analysis, focusing on breast mass and microcalcification detection and classification, 

breast mass segmentation, density evaluation, cancer risk assessment, and quality improvement of images.  

Applications of AI in Breast MRI 

MRI is the most sensitive imaging technique for detecting breast cancer and is currently recommended as a 

supplementary tool to mammography for high-risk patients [9]. It provides a comprehensive assessment of 

breast masses, including their shape, size, extent, and blood perfusion, using various scanning sequences. 

However, its limitations, such as low specificity, high cost, prolonged examination time, and patient 

selectivity, make it less widely used than mammography and ultrasound. While most deep learning (DL) 

research in breast imaging has focused on mammography, fewer studies have explored its application in 

breast MRI [10]. DL studies on breast MRI primarily focus on detecting, segmenting, characterizing, and 

classifying breast lesions [11]. Ignacio Alvarez Illan et al. developed a computer-aided detection (CAD) 

system to identify and segment non-mass-enhanced lesions in dynamic contrast-enhanced magnetic 

resonance imaging (DCE-MRI), successfully reducing false positives and achieving satisfactory results [12].  

Herent et al. [13] designed a DL model for detecting, characterizing, and classifying breast MRI lesions—

including mammary glands, benign tumors, invasive ductal carcinoma, and other malignant growths—

showing strong performance. Antropova et al. [14] integrated dynamic and volumetric DCE-MRI 

components into breast lesion classification using convolutional neural networks (CNNs), demonstrating 

significant improvements in classification accuracy [15]. Lei et al. [16] organized a study with 19 breast 

imaging radiologists—eight from academia and eleven from private practice—to classify benign and 

malignant lesions using DCE-MRI. They compared conventional CAD evaluation software, including 

kinetic maps, with AI-assisted CAD software. The findings revealed that AI-enhanced systems improved 

radiologists’ ability to differentiate between benign and malignant breast lesions. Despite its limitations, 

breast MRI remains an essential screening tool for high-risk breast cancer patients. 

AI in Breast Cancer 

AI has been integrated into nearly every industrial sector to enhance productivity, efficiency, and accuracy  
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[17]. Advances in computational power, data availability, and AI is now more reliable, accessible and driven 

by objectives than it was previously due to algorithm performance [52]. It is also employed in areas such as 

intrusion detection systems, image synthesis [50], optical character recognition (OCR), and facial expression 

recognition. In the healthcare sector, AI is applied in various fields, including patient monitoring [18], 

medication and hospital administration [19]. Complex image analysis has benefited greatly from AI, which 

has made quantitative assessments through automation while reducing radiation exposure in breast 

radiological examinations. By simulating human decision-making with operational precision, AI offers 

superintelligence. Its advantages include instant feature learning, the ability to process multidimensional 

data, and access to diagnostic information from various clinical studies. As a result, medical professionals, 

researchers, and oncologists increasingly recognize AI’s potential in breast cancer diagnosis, a growing 

interest driven by recent advancements in AI technology [20]. AI research often focuses on simulations 

developed using data sets that have a greater incidence of cancer than those used in periodic testing tools 

[51], leading to notable improvements in imaging assessment and breast cancer diagnosis across various AI 

algorithm categories [51]. Deep learning (DL) algorithms, in particular, have shown greater promise than 

traditional machine learning (ML) approaches, proving especially effective in breast cancer imaging 

research [21]. Buckner et al. reviewed the applications of ML, computer-assisted detection, and computer-

assisted diagnosis, highlighting their ability to reduce false positives (FP) generated by the Chan-Vese 

segmentation method when initialized with the marker-controlled watershed algorithm (MCWS). The 

computer-assisted diagnosis system employs blended learning, integrating four Support Vector Machine 

(SVM)-based classifiers, each analyzing specific tissue components [22]. Despite AI’s advancements, 

mammography may still fail to detect certain malignancies due to factors such as breast density, tumor size, 

or subtle cancer indicators that are difficult to identify in metastatic cases. However, AI has demonstrated 

high accuracy in digital mammography, and its sensitivity in detecting various morphological breast cancer 

characteristics—such as asymmetry and distortion—has proven highly effective [53].  

Cutting-Edge AI Approaches in Breast Cancer Diagnosis  

Radiomics is a cutting-edge method that extracts diverse quantitative characteristics from medical images 

[23], playing a crucial role in the diagnosis and management of breast cancer (BC). This approach aids in 

tumor prediction, staging, and assessing therapeutic responses [24]. Radiotherapy remains highly effective 

in BC prognosis; however, radiomics has a limitation—it cannot accurately predict survival rates for locally 

advanced breast cancer (LABC) following neoadjuvant therapy or post-surgical treatment [25]. Meanwhile, 

AI applications in BC diagnostics emphasize reproducibility, a fundamental aspect of experimental science. 

However, several factors—such as biological variability, mislabeled samples, cross-contamination, and 

excessive cell passage—can hinder reproducibility [26]. To address these challenges, researchers employ 

statistical methods to eliminate irrelevant factors, improving data reliability. The generalizability of AI 

models remains an important research focus, requiring preprocessing of medical datasets before data mining 

[27]. Despite its challenges, AI's role in BC diagnostics presents significant social benefits. In developing 

countries, AI adoption is increasing, with cost-effective solutions like the DeepMind automated system 

providing affordable diagnostic support. The World Health Organization (WHO) acknowledges its potential 

to benefit both developed and underdeveloped nations [21]. 

The Conception and Respective Correlations of AI, ML, and DL 

AI encompasses techniques that enable computers to replicate human behavior. In breast cancer screening, 

its primary functions include tumor segmentation and classification into benign or malignant categories [28]. 

Machine learning (ML) is a data-driven approach where variables and characteristics represent observable 

patterns. A subset of ML, deep learning (DL), utilizes deep neural networks that mimic and enhance the 

structure of human brain neurons [29], making it highly effective for image classification and recognition. 

DL employs a hierarchical, modular structure to extract information, progressing from simple to complex 

patterns. While ML and DL share similarities, they also have key differences. Figure 1 below illustrates the 

link between AI, ML, and DL. ML builds mathematical models based on training data [30], using these 

models to predict outcomes by testing new data. Training in machine learning entails determining the 

difference between benign and malignant instances using an assessment metric called the objective function. 

http://www.rsisinternational.org/
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[54]. This training can be supervised, where labeled data and predefined targets guide the model’s learning 

process. Consequently, various research institutions and companies are actively developing AI technologies 

for different healthcare applications. Supervised Machine Learning (SML) [31] enhances differential 

diagnosis by providing healthcare professionals with predictive insights and early warnings about potential 

health risks. In mammography, labeled cancer images enable the algorithm to recognize malignancy 

features. In contrast, unsupervised learning [32] operates without predefined labels or diagnostic markers, 

while semi-supervised learning incorporates limited labeled data during training. Additionally, integrating 

supplementary methodologies can enhance efficiency and minimize errors in breast cancer diagnosis. AI-

driven automated image analysis significantly improves upon manual screening processes by efficiently 

extracting relevant information from vast amounts of imaging data, reducing time-consuming and labor-

intensive efforts compared to traditional manual inspections [33]. 

 

Figure 1: BC Diagnosis Advantages 

AI-powered mammography has the capability to identify cancer up to twenty-four month years earlier than 

human oncologists, potentially enabling earlier treatment and saving more lives. By assisting doctors in 

making more confident diagnoses, AI enhances efficiency [34]. It also alleviates the workload of 

radiologists, as AI does not experience fatigue and can analyze mammogram images tirelessly. This leads to 

improved accuracy and earlier cancer detection. Additionally, AI contributes to better medical care by 

supporting more precise diagnostic evaluations [35]. AI-based diagnostic tools have significantly improved 

radiologists' efficiency, often yielding results superior to those obtained by radiologists alone. By utilizing 

advanced machine learning algorithms, AI differentiates between structures and image components; 

however, its clinical application remains limited due to low specificity [36]. Notably, AI has enhanced the 

accuracy of computer-aided detection (CAD). Convolutional neural networks (CNNs), a deep learning 

technology optimized for image assessment and classification, exhibit diagnostic accuracy comparable to or 

even surpassing that of radiologists [37]. AI also aids in detecting breast cancers that may go unnoticed 

during screening, particularly in dense breast tissues, which have lower sensitivity. Research indicates that 

dense breasts are associated with a higher rate of false-negative results [38], meaning that some women may 

receive reassuring mammography results despite having cancer. However, AI-based diagnosis of breast 

cancer faces several challenges, which contribute to its limitations, as discussed in the following section. 

Limitation of AI in BC Diagnosis 

This marks the distinction between AI and human intelligence. For AI to function autonomously, it must be 

able to generate, replicate, and process data without human intervention. Achieving this level of 

independence would make AI systems a true form of artificial intelligence. However, this requires a 

universally accessible code, which can only be realized through the fair and equitable distribution of data 

[39]. To facilitate AI integration into healthcare, hospitals worldwide must adopt user-friendly databases and 

intuitive software within their information technology systems. Moreover, fostering trust  and confidence 

among clinicians is essential to encourage the widespread implementation of AI in medical decision-making. 

As a result, healthcare professionals should receive comprehensive training on AI applications. 
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Technological advancements have introduced apps for monitoring health conditions such as heart rate an d 

diabetes, yet similar innovations for breast cancer detection remain underdeveloped. Developing AI-driven 

tools in this area could enhance patient care and satisfaction. However, ethical concerns such as data 

confidentiality, privacy breaches, patient autonomy, and informed consent must be carefully addressed when 

using AI in breast cancer diagnosis. To mitigate these risks, strict regulations and precautionary measures 

have been put in place to protect personal information. Additionally, radiomics is not yet widely integrated 

into clinical practice [39]. It is hoped that policymakers will address these limitations to ensure AI remains a 

valuable and effective diagnostic tool. 

Data Heterogeneity and Complexity of Medical Images 

The majority of the early advances in computer vision were based on photographs of commonplace items 

like homes, vehicles, and fruits. The ImageNet Large Scale Visual Recognition Challenge is one of the most 

well-known contests in this area which was launched in over twenty five years ago. It featured a training 

dataset with over 1.2 million color images in Joint Photographic Expert Group (JPEG) format, categorized 

into 1,000 classes. The average resolution of these images was relatively low, measuring 482 × 415 pixels 

[18]. In contrast, medical images, typically stored in the Digital Imaging and Communications in Medicine 

(DICOM) format, differ significantly from the ImageNet dataset. The DICOM standard was developed to 

facilitate various medical imaging processes and has played a crucial role in advancing the field, particularly 

in the digitization of radiology. This standard supports multiple resolutions and bit-depth allocations. For 

instance, mammographic images can reach resolutions as high as 3000 × 4000 pixels [40]. While most 

medical imaging techniques generate grayscale images, some, such as PET/CT, Doppler ultrasound (US), 

and secondary capture objects (e.g., advanced visualization images), are stored and displayed in color.  

In many clinical applications, the importance of medical imaging ranges from detecting diseases to 

monitoring their progression [41]. Mostafiz et al. [45] stated Lesion segmentation, classification, and disease 

detection (localization and classification) are among the particular tasks that can be successfully completed 

by machine learning in each application. For instance, when analyzing a chest CT scan, radiologists identify 

pulmonary nodules, assess their characteristics, and classify them as either benign or malignant [41]. Some 

tasks require quantitative analysis, such as volumetric assessments of anatomical structures—for example, 

measuring hippocampal volume—which necessitate segmentation tools. Additionally, certain objectives 

focus on generating numerical values rather than classifying objects, as seen in bone age assessment using 

hand radiographs [42]. Image-based outcome predictions are also possible, such as estimating the likelihood 

of hematoma expansion based on an initial head CT scan. Given the vast number of clinical scenarios and 

the complexity of tasks involved, it is impractical for a single individual or organization to address all these 

challenges using current methodologies. 

Challenges Associated with Medical Imaging Data Curation 

ImageNet transformed computer vision research by highlighting the importance of data curation alongside 

feature extraction and algorithm development [43]. Its success stemmed from the collaborative contributions 

of many individuals, leading to a vast and diverse image database [41]. When it comes to standard 

photographic images with easily identifiable objects, the general public was capable of classifying and 

annotating them, making it relatively easy to establish ground truth. In contrast, labeling medical images 

requires specialized knowledge from trained radiologists, and large-scale annotation depends on multiple 

experienced professionals, making the process both expensive and labor-intensive. Moreover, detecting 

subtle abnormalities in medical images can vary significantly even among experts, affecting the accuracy of 

interpretations. Discrepancies in inter- and intra-observer agreement can be particularly high for certain 

medical conditions, further complicating the labeling process. The specialized expertise required for medical 

image annotation significantly reduces the pool of qualified contributors, making crowdsourcing an 

impractical solution for this task. 

 

http://www.rsisinternational.org/


Page 15 
www.rsisinternational.org 

INTERNATIONAL JOURNAL OF LATEST TECHNOLOGY IN ENGINEERING,  

MANAGEMENT & APPLIED SCIENCE (IJLTEMAS)  

ISSN 2278-2540 | DOI: 10.51583EMAS | Volume XV, Issue IX  September 2026 

 

 

  

Concerns Regarding Patient Privacy 

Creating large public databases of medical images has historically been challenging, primarily due to 

concerns about inadvertently disclosing protected health information (PHI). This concern is heightened by 

the fact that DICOM images often contain PHI embedded in unpredictable locations within their metadata 

[40]. Additionally, medical images may have PHI burned into the pixel data, such as annotations or digitized 

films with handwritten information. Moreover, advancements in facial recognition technology have made it 

possible to re-identify patients from three-dimensional reconstructions of their facial structures, raising 

significant confidentiality risks when such datasets are publicly shared [44]. Even accessories like necklaces 

and wristbands may display patient names or be distinct enough to facilitate identification in volumetric 

images. To mitigate these risks, many organizations manually review and curate each image before releasing 

datasets to the public. However, this process is both costly and labor-intensive. 

CONCLUSION 

In conclusion, the integration of AI into breast cancer management presents a transformative approach to 

improving early detection, diagnosis, and treatment outcomes. Artificial Intelligence's application in 

mammography, MRI, and advanced imaging techniques enhances both accuracy and efficiency of cancer 

detection, allowing for earlier intervention and personalized care [55]. Emerging techniques such as 

radiomics and deep learning further expand AI's potential, offering refined predictive analytics and reduced 

false-positive rates. Despite these advancements, challenges remain, including data heterogeneity, limited 

clinical implementation, ethical concerns, and the need for extensive training for healthcare professionals. 

Addressing these limitations through collaborative efforts in research, data standardization, and ethical 

frameworks will pave the way for AI to revolutionize breast cancer care, ultimately reducing mortality rates 

and improving quality of life for patients. 
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