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Abstract

Breast cancer is the second largest cause of mortality globally. Early detection of breast cancer may aid in better
therapeutic strategies and prolong the lives of the clinical subjects. However, conventional diagnostic methods rely
mainly on subjective evaluations of tumor morphology, enhancement type, and anatomic connection to the
adjacent tissues. Artificial intelligence (Al) has emerged as a transformative tool in breast cancer diagnosis,
particularly within medical imaging. Al-driven methods such as deep learning and radiomics have demonstrated
significant improvements in mammography, magnetic resonance imaging, and ultrasound by enhancing detection
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sensitivity, reducing false positives, and streamlining clinical workflows. Recent advances in convolutional neural
networks and hybrid architectures have enabled more accurate tumor classification, lesion segmentation, and risk
stratification. While multimodal strategies integrating imaging with clinical or genomic data show promise for
personalized care, the primary impact of Al lies in its ability to improve imaging-based diagnostics. This review
summarizes current advances in Al for breast cancer imaging, discusses challenges related to generalizability and
clinical translation, and highlights future directions for developing clinically robust diagnostic tools. The goal is to
advance the development of more accurate and efficient diagnostic tools by integrating multiple imaging
modalities and other patient-specific information.

Keywords: Breast cancer, cancer imaging, artificial intelligence (Al), machine learning (ML), deep learning,
diagnosis

INTRODUCTION

Breast cancer claims the lives of nearly half a million women annually globally. It is the most frequently
diagnosed cancer in women!. The global incidence of breast cancer cases was estimated to be more than
2.2 million in 2020, accounting for a whopping 11.7% of the total cancer cases. Correct diagnosis of breast
cancer at an early stage may increase the possibilities of implementation of successful treatment plans and
dramatically prolong the survival to at least 5 years in 98% of the subjects. Artificial intelligence (AI) has
demonstrated measurable benefits in breast cancer imaging"”. For example, meta-analyses show that AI-
augmented mammography increases sensitivity by ~10%-15%, while maintaining comparable specificity to
radiologists”!. Similarly, deep learning (DL) models applied to invasive carcinoma detection achieve
specificity up to 0.89, reducing false-positive rates by ~20% compared to radiologists”. These results
underscore Al’s growing clinical utility rather than speculative potential“. In comparison, when the disease
is detected at advanced stages, the treatment regimens may only increase the survival to less than 4 years in

1,5-7]

only 26% of the patients*7.

By far, the most significant risk factor for breast cancer is gender. The incidence of breast cancer in females
is 100-fold more than in males"”. Moreover, the risk for developing breast cancer is highest up to the age of
45 to 50 years, after which the chances of breast cancer manifestation decline. This age-linked decline in
breast cancer prevalence in the female population is most likely due to endocrine-related menopausal
changes'®”. Other factors are also implicated in the pathogenesis of breast cancers. Chief among these are
associated with lifestyle, genomic and environmental variables"”. Mutations in the breast cancer genes,
BReast CAncer gene-2 (BRCA-2) and BReast CAncer gene-1 (BRCA-1), may be responsible for 80% of
genetically-linked breast cancer cases; however, these constitute only a tiny fraction (5%-6%) of total breast
cancer cases'"'”. Genetic alterations in BRCA-1 and 2 increase the risk for development of breast cancer by
50%-85% and by 15%-65% for ovarian cancer after the age of 25 years"""”.. The molecular mechanisms
underlying breast cancer pathogenesis are extraordinarily heterogeneous; and they may involve human
epidermal growth factor receptor 2 (HER2; encoded by ERBB2) and activation of hormone receptors for
progesterone and estrogen, in addition to BRCA mutations"**. The intrinsic categorization published in
2,000 identified four subtypes of breast cancers: luminal A, luminal B, basal-like, HER2-positive and triple-

6,16-21]

negative!

Breast cancer usually initiates at the lobules or channels connecting the nipples”*. Although it usually
initiates in cells lining the ducts of the breasts, it may also affect other areas such as the lobules, milk ducts,
or occasionally between tissues"*. Additionally, 95% of breast cancers are carcinomas or malignancies that
develop from epithelial cells. Infiltrating or invasive carcinomas and in situ carcinomas are the two main
kinds of breast cancer”**. Carcinomas in situ may arise in the lobular or ductal epithelium and remain
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limited to that epithelium with no invasion of the underlying basement membrane">*. As one might

assume, the risk of metastases is minimal in such cancers/**?.

In view of the molecular heterogeneity of breast cancer pathology, several therapeutic advancements have
been attempted during the last few decades, including the use of biologically directed drugs with reduced
treatment side effects”*. However, apart from the challenges associated with the heterogeneity of
pathogenic mechanisms, tumor characteristics such as the varied impact of locoregional tumor burden and
differential metastatic patterns are the major hurdles in developing efficient therapies'®***. Therefore, it is
essential that breast cancers are detected early, and the appropriate personalized treatment is provided"*”.

The current gold standard for breast cancer screening is mammography, which is less effective in women
under 40 years of age with thick breasts. Additionally, mammography is less sensitive to small tumors (less
than 1 mm, roughly 100,000 cells) and may not be suitable for correct diagnoses in such cases!******.,

Contrast-enhanced (CE) digital mammography (DM) may be a more precise alternative for the analysis of
thick breasts; however, it is limited by its high cost and increased risk of radiation exposure™.

Ultrasonography-based medical imaging techniques are another helpful alternative for the diagnosis of
breast cancers”*”. Similarly, magnetic resonance imaging (MRI) can efficiently detect lesions that
mammography may not. Positron emission tomography (PET) may be the most precise available option for
breast cancer prognosis, enabling evaluation of both disease progression and regression in response to
treatment™ ). However, these imaging techniques are not cost-efficient and may have low specificity,
resulting in over-diagnosis'*****'. Integration of Al technology with mammography has emerged as a novel,
low-cost, accurate, and safe combinatorial technique for the diagnosis of breast cancer, and this review

summarizes our current understanding of the various applications of Al in breast cancer theragnostics.

AI-BASED TECHNOLOGIES IN MONITORING THE MOLECULAR MECHANISMS OF
BREAST CANCER PATHOGENESIS

Tumor progression and responses to treatment in the clinical cases of breast cancer vary considerably
depending on etiological subtypes and the differences in the underlying molecular mechanisms™'. For
instance, immunohistochemical (IHC) subtypes based on estrogen receptor (ER), progesterone receptor
(PR) and HER2 drive the differential responses of breast cancer patients to specific treatments™. The
current synergistic development of Al-based analyses of breast cancer imaging focuses on risk assessment,
cancer detection, diagnosis, prognosis, and response to therapy'*”. Al aids in breast cancer risk assessment
targeting breast density and parenchymal cells. Al-based methods help in the assessment of the density of
breast and characterization of breast parenchymal tissue, and have the potential to compare the differential
risk of breast cancer development among women concerning the BRCA-1/BRCA-2 gene mutations through
performance assessment of transfer learning on the distinction of their status'.

The anti-tumorigenic cells are negatively regulated by the tumor microenvironment (TME), signaling
pathways in the stromal environment, extracellular matrix (ECM) and immune cells, causing progression of
breast cancer and metastasis'*!. TME plays a central role in breast cancer progression, involving complex
interactions between stromal signaling pathways, ECM remodeling, and immune regulation. For example,
stromal signaling events such as ER/PR overexpression can drive tumor growth, while ECM dynamics
contribute to invasion and metastasis?. Al tools now provide powerful approaches to decode this
heterogeneity. Specifically, platforms such as Immune Cell Abundance Identifier (ImmuCellAI, China)
quantify the infiltration of diverse immune cell subtypes, enabling prognostic stratification based on
immune signatures. By linking molecular and microenvironmental features with patient outcomes, Al offers
the ability to unravel TME complexity and support the design of targeted, immune-informed therapeutic
strategies'.
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The recent approaches involving in vitro cell culture assays and in vivo mouse model studies lack
information regarding the physiological outcomes in humans during drug efficacy testing®. The well-
defined intricate relationship among breast cancer cells and stromal immune cells is the essential
requirement for implementing an effective therapy in the treatment of breast cancer as shown in Figure 1.
The breast cancer progression can be evaluated through stromal-to-epithelial transition with the
implementation of specified features of deep machine learning (ML) subdomain of AI".

Breast cancer has a heterogeneous pathology, showing luminal, HER2 type, and triple negative phenotypes
in the inflammatory microenvironment™". Resistance to trastuzumab remains a major clinical obstacle in
HER2-positive breast cancer, often leading to disease recurrence. To address this, advanced drug delivery
systems have been developed using nanotechnology platforms. For example, poly(lactic-co-glycolic acid)
(PLGA) nanoparticles simultaneously loaded with chemotherapeutic agents and surface-functionalized with
trastuzumab have demonstrated improved therapeutic efficacy through dual-action delivery!. These
nanosystems enhance drug stability, enable sustained release, and promote cell-specific uptake via HER2-
targeting. Notably, engineered nanocarriers tested in both 2D and 3D breast cancer models have shown
improved tumor penetration and optical fiber-triggered drug release, offering spatial and temporal control
of therapy"”. Such platforms highlight the potential of nanomedicine to overcome drug resistance and
improve treatment precision in HER2-positive breast cancer. A gradient tree with adaptive iterative
searching AI model targets identification of different ER subtypes of breast cancers. This novel Al
multifactorial data analysis approach can predict breast cancer risk based on demographic risk factors and
genetic variants". It may hold a promise for development into a cost-effective therapy in the future.
Further, AI-based ML computational models can be applied to nuclear ER (Estrogen Receptor alpha (ERa)
and Estrogen Receptor beta (ERb))"*). Another critical element in breast cancer identification through ML is
mast cell-mediated histamine production that causes hypersensitivity as a local inflammatory response to
breast cancer progression and mammary carcinomas™”. Mao et al. (2020) devised an Al-based system that
predicts the molecular alterations and the inflammatory responses in the microenvironment. Al-based
ImmuCellAI that runs on algorithms from various gene expression data targets T-cell subsets for cancer
diagnosis and classification. However, it may lack the required spatiotemporal attributes’™.

The widely used THC staining method and the comparison of its staining intensity against a control set of
biomarker-specific scoring systems result in substantial inter-observer variability in the assessment of
biomarker status. This suggests the appropriateness of ML-based systems assessments. Indeed, a ML-based
DL system has recently been shown to accurately predict the status of 19 biomarkers of ER and PR,
Osareh et al. (2010) designed a ML-based approach capable of distinguishing between malignant and
benign tumors through image-based data derived from traditional biopsy-based samples, as shown in
Figure 2A and B®*. In other studies, classical ML methods extracted features based on biopsies and
neoadjuvant responses in breast cancer cells, and an accurate, specific, concordance- and positive-
predictive-value-based ML tool was developed to predict the ipsilateral recurrence risk of Ductal Carcinoma
in Situ (DCIS) in patients undergoing lumpectomy™**. The underlying mechanisms and morphological
characteristics are correlated and these factors are the basis of AI application in breast cancer to predict
relevant molecular variations. AI can be combined with autofluorescence or spectroscopic imaging
technology to characterise breast cancer, differentiating between benign and malignant breast cancer tissues,
in situ lesions, and invasive malignant lesions.

ML-based multi-omics AI approaches have elicited significant contributions to classification of breast
cancer and in the determination of their subtypes using data for expression of microRNAs and Messenger
RNAs (mRNAs)®*. The metabolomics and proteomic data derived from 24 breast cancer patients and 61
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Figure 1. Clinical workflow of breast cancer diagnosis, prognosis, and treatment modality using Al-guided models.
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Figure 2. (A) Clinical utilities of liquid biopsy for non-invasive cancer diagnostics. Biomarkers such as circulating tumor DNA (ctDNA),
circulating tumor cells (CTCs), tumor-educated platelets (TEPs), extracellular vesicles (EVs), as well as cancer-associated proteins,
antigens, enzymes, and hormones can be identified in blood and other body fluids. Compared to conventional tissue biopsies, liquid
biopsy provides a safe, less invasive alternative that allows the detection of genetic alterations, transcriptional signatures, and
molecular abnormalities linked to disease progression. This strategy plays an increasingly significant role in early cancer detection and
personalized therapeutic decision—making[s‘”.(B) Application of artificial intelligence (Al) and big data analytics in advancing breast
cancer diagnosis and treatment. Illustration of digital mammography and digital breast tomosynthesis acquisition. Breast tissues that
are only separated vertically in the mammography look overlaid, decreasing sensitivity and specificity. In digital breast tomosynthesis,
this distortion is mitigated by reconstructing a pseudo-3D image from many projections, each collected with the X-ray source
positioned at a different angle.
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controls with non-cancerous breast tumors have characterized healthy people into low-risk and high-risk
subcategories. Several combinations of autoencoders and multiple-kernel networks in multi-omics have
resulted in one of the most effective approaches for accurately predicting breast cancers and their subtypes
characterization”. Furthermore, the expression of long non-coding RNAs was also reported to be involved
in breast cancer. The interactions of Al-based ML, Al-based DL and immunomics may hold promises for
diverse applications in breast cancer diagnosis, prognosis, and therapeutic treatment'*.

AT encompasses a range of computational methods applied in breast cancer detection, diagnosis, prognosis,
and treatment optimization. Among these, ML approaches rely on handcrafted features and statistical
learning™**. In contrast, DL methods, particularly convolutional neural networks (CNNs), automatically
extract hierarchical features from imaging data, significantly improving classification accuracy in
mammography, ultrasound, and MRI. Hybrid models combining ML with DL or incorporating clinical and
genomic data have further enhanced predictive performance. While ML remains valuable for smaller,
structured datasets, DL has become the dominant approach for large-scale medical imaging tasks"™.

Several studies have demonstrated the superiority of DL models over conventional computer-aided
detection (CAD) systems, such as achieving a specificity of 0.847 with DNNs*. However, direct
comparisons must be interpreted cautiously. Baseline CAD systems are often selected based on availability
within the clinical setting or historical benchmarks, which may not represent the most optimized traditional
methods". Moreover, the composition of training datasets is a critical determinant of performance. Al
systems trained on homogenous cohorts may show inflated results but fail when tested on diverse
populations. Recent multicenter studies emphasize that heterogeneity in training and validation datasets
significantly impacts AI performance, underscoring the need for standardized, demographically diverse
benchmarking datasets before clinical claims of superiority can be fully justified™*.

Kim et al. (2018) reported clinically significant combinatorial therapy of single-cell DNA and RNA
sequencing (scRNA-seq) to explore human triple-negative breast cancer, about chemoresistance towards
the therapeutic development in breast cancer patients™. Their data indicate the promising merit of scRNA-
seq-based technologies. Al-based DL models assist in explicating the spatial heterogeneity of breast cancer
evolution through tumorigenic antigen presentation, labeling 35 biomarkers and connecting its
heterogeneity with clinical outcomes®. Other AI tools, such as Case-Based Reasoning (CBR) and
Explainable Artificial Intelligence (XAI) were used to develop metadata for the Decision Support and
Information Management System for Breast Cancer to interpret and predict cancer pathogenesis and
suggest appropriate treatment for an individual patient'*'. Figure 3 establishes the contribution of AI, Multi-
Source Cancer Data and BIG DATA in cancer management™*..

Sandbank et al. trained an AI algorithm to specifically detect subtypes of invasive. This Al could also
effectively identify stromal tumor-infiltrating lymphocytes with an area under the receiver-operating
characteristic curve (AUC) of 0.965'”. A novel Al was used for detecting pulmonary metastases in breast
cancer patients using imaging data from the chest Computed Tomography (CT) of 226 subjects.
Multivariate analysis showed a better correlation between nodule count and future mortality with an AUC
of 0.811”), Furthermore, the sensitivity (0.952) and specificity (0.639) of Al-based detection were better
than the reader’s assessment'. To improve cancer detection from high-density breast mammograms,
synthetic high-density full-field digital mammograms (FFDM) can be used for data augmentation'®". Breast
cancer lesions detection using Inception V3 classified breast lesions from ultrasound images with an AUC
of 0.81 and a recall rate of 0.77'”. Recently, a deep transfer learning based DenseNet201 model was used to
classify breast lesions as malignant or benign. This model used data from dynamic CE (DCE)-MRI and
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Figure 3. Integrating multi-source cancer data for early detection and precision therapy in breast cancer (BC). The illustration
demonstrates how information derived from diverse sources is combined to enhance the accuracy of early diagnosis and to guide
personalized treatment strategies in BC.

compared four strategies for improved model robustness*’. DL models trained on multimodal imaging
datasets have achieved diagnostic accuracies exceeding 90%, reducing unnecessary biopsies and alleviating

patient anxiety.

Further, a ML-based Al algorithm relying on the “The Cancer Genome Atlas (TCGA)” database storing
individual subjects’ clinical history, transcriptomic data, and the data for cancer recurrence, prognosis, and
therapeutic treatment, was reported to detect heterogeneity in triple negative breast cancer molecular
subtypes for therapeutic applications'””. The interrelation of Al-based technology and ML in breast cancer
heterogeneity studies is depicted in Figure 4. Several Al models have been developed using TCGA datasets
to classify breast cancer subtypes; however, their performance varies considerably™. For instance,
autoencoder-based DL approaches achieved accuracies up to 0.885, whereas kernel learning frameworks
reported lower accuracies of approximately 0.70. These discrepancies can be attributed to multiple factors.
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Figure 4. Applications of Al and machine learning approaches in deciphering breast cancer heterogeneity. Survival prediction models
integrating imaging and genomic data have improved risk stratification accuracy, allowing more personalized treatment planning and
potentially enhancing long-term survival.

First, algorithmic architecture plays a significant role: autoencoders excel at feature compression and
extraction from high-dimensional genomic data, while kernel methods may struggle with nonlinear feature
interactions. Second, training dataset size and pre-processing influence outcomes, as models trained on
imbalanced subtype distributions (e.g., fewer HER2+ cases) often underperform'”. Third, validation
strategies differ; studies employing cross-validation across multiple cohorts typically report higher
generalizability than those using single-split validation. Collectively, these variations highlight the need for
standardized benchmarking protocols to fairly evaluate AT models across datasets and architectures. The
Al-based techniques in multi-omics data analysis of breast cancer and cancer cell lines are mentioned in
Table 11327274,

ADVANCEMENTS IN BREAST CANCER DIAGNOSIS AND RADIOMICS

Histological and radiological assessment of biopsy samples is performed in the clinical setting to diagnose
breast cancers. Four biomarkers - HER2, PR, ER, and Ki 67-Kiel, Germany, and clone number 67 antigen -
are routinely analysed in biopsies and excision specimens from breast cancer cases”. Although such an
approach allows for effective characterization, biopsy has certain associated limitations: such as problems
related to tumor accessibility, risks associated with the procedures of excessively invasive focal sampling and
the molecular heterogeneity of the tumor cells”””. Image-guided biopsies may resolve the challenges
associated with breast cancer heterogeneity owing to a high spatial resolution for cellular tissue investigation
and subsequent molecular and genetic sequencing. Hence, findings can be subjected to the subjectivity of
the pathologist.

Mammograms

Radiologists employ screening mammograms to monitor breast cancers by evaluating the different
characteristics of lesions, and distribution and shape of the calcification clusters””. Detailed texture
analyses by DBT provide better assessment of parenchymal patterns compared to DM. Hence,
mammograms may result in both missed diagnoses (false negative) and misdiagnoses (false positive). Al-
assisted mammography has demonstrated up to a 20%-30% reduction in false negatives compared to
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Table 1. Features of Al-based techniques in multi-omics data analysis of breast cancer and cancer cell lines

Features of Al omics  Result of omics

Al omics approach in breast cancer cells approach Specificity and accuracy Reference
Autoencoder and hierarchical mRNAs, microRNAs, DNA Classifies subtypes of Reads intrinsic properties and suitable  [68]
integration deep flexible neural methylation breast cancer for small-scale data, 0.885 accuracy
forest network model
Autoencoder CNVs and mRNAs Data integration of Learned representations coupled with ~ [69]
(combinations) breast cancer types SVMs provide the best prediction,
achieving an accuracy of 0.858
Kernel learning (multiple) mRNAs, microRNAs, DNA Data integration of Identification of subtypes of breast [70]
framework methylation breast cancer types with  cancer and their relativity, 0.70 average
generic approach cluster purity

Neural network Metadata, mRNAs, Gene co-expression Predicts survival, Mean concordance. [71]
(Deep learning) microRNAs, DNA analysis index: 0.6813

methylation, CNV
Kernel learning; Bayesian efficient  Proteomics, mRNAs, Verifies similarities Prediction of response of breast cancer [72]
multiple kernel learning CNV, DNA methylation,  between breast cancer  drugs; False discovery rate: 2.5e-5
(BEMKL) SNP cell lines
idTRAX Genomic and Targets kinases from Identifies kinases as effective targets of [73]

Transcriptomic data of genes (compound data)  anticancer drugs; Spearman

breast cancer correlation_0.1

Capsule network-based modeling  mRNA, DNA, methylation, Classifies on the basis of Targets breast cancer therapeutic genes [74]
(CapsNetMMD) CNV breast cancer genes P-value: 3.6e-141
(known)

standard radiology, enabling earlier tumor detection and reducing the likelihood of interval cancers™.
Although mammography is the most effective screening method for detecting early breast cancer,
misdiagnosis remains a significant limitation, often due to factors such as overlapping anatomical
structures, quantum mottle, suboptimal search patterns, and perceptual lapses.

Magnetic resonance imaging

Magnetic resonance imaging (MRI) is another popular tool for breast cancer screening, using a magnetic
field to construct accurate 3-D transverse images, which makes it highly sensitive for detecting breast
cancer™*, However, the relatively low screening specificity might result in a high rate of overestimation'®”.
Nevertheless, alterations of the data acquisition parameters may increase spatial accuracy and permit the
detection of precise changes between soft tissues. Based upon MRI scanning of subjects with different tumor
characteristics such as age of the patient, tumor size, HER2 status, and texture features, it has been proposed
that MRI-based radiomics signature and nomogram can be used as a reliable non-invasive tool to predict

axillary lymph node metastases'™.

MRI is increasingly being recognized not only as a diagnostic tool but also as a guiding platform for
therapeutic interventions in breast cancer. A notable example is the use of 3-Tesla MRI-guided High-
Intensity Focused Ultrasound (MR-HIFU), which provides a non-invasive and radiation-free option for
palliative treatment of bone metastases in breast cancer patients'®. This technique enables precise thermal
ablation of metastatic lesions, effectively reducing pain while sparing surrounding healthy tissues.
Importantly, the integration of Al-driven thermal mapping and treatment monitoring enhances the
accuracy and safety of MR-HIFU by providing real-time feedback on ablation margins and treatment
response. Furthermore, Al-based radiomics applied to MRI data can predict therapeutic outcomes, stratify
patients likely to benefit from MR-HIFU, and support adaptive treatment planning. Together, these
advances demonstrate how MRI serves as both a therapeutic platform and an Al-assisted monitoring
system, representing a growing frontier in precision oncology for breast cancer management.
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Nowadays, the textural characteristics of tumor lesions focus on the spatial arrangement of voxel intensities,
including their distribution, heterogeneity, randomness, clustering patterns, and preferential signal
directions'™*”. The main goal of radiomic tumor analysis includes analyses of the TME, infiltrating cells,
and inter-and intra-tumor heterogeneity. The goal retrieves qualitative and quantitative data, and
subsequently for better treatment choices, resulting in better treatment outcomes and increased survival of
the patients™ . However, this is not often achieved. For instance, since the risk of developing carcinoma
based on breast density or texture is closely related to properties of fibro-glandular tissues, such overlapping
texture projections from skin or subcutaneous fatty tissues might be considered as “noise” and computed
information regarding the features of texture may be affected®*. Al-driven radiotherapy planning has
reduced planning time by nearly 50% while maintaining accuracy, thus enabling timely initiation of
treatment.

Ultrasound remains a cornerstone in breast cancer screening, especially for women with dense breast tissue
where mammography sensitivity is reduced. Recent advances in AI have significantly enhanced the
diagnostic performance of this modality. In particular, Automated Breast Ultrasound Systems (ABUS)
integrated with DL algorithms have been shown to reduce operator dependency and improve
reproducibility across centers. Deep CNNs trained on ABUS data have demonstrated higher detection
sensitivity in dense breasts compared with manual interpretation, while also reducing reading time for
radiologists”". Moreover, Al-enhanced ultrasound has been applied to lesion characterization and risk
stratification, outperforming conventional Breast Imaging Reporting and Data System (BI-RADS) scoring
in several studies. These advances underscore the potential of Al to transform breast ultrasound into a more
standardized, accessible, and clinically reliable screening tool.

Digital breast tomosynthesis

Digital breast tomosynthesis (DBT) provides thin section tomographic images, improving lesion visibility
(structure, shape, and clearer edge of the lesion) and detecting abnormalities obscured by normal tissues'*”..
The detailed texture analyses by DBT sides in better analysis of parenchymal patterns compared to DM,
Despite the high sensitivity of MRI, combining MRI with DM and DBT has not been shown to significantly
improve sensitivity. On the other hand, the sensitivity of DBT and DM - but not MRI - may be affected by
breast size and density. In breast cancer diagnosis, DBT and DM have a lower AUC and sensitivity but

better specificity than DCE plus diffusion-weighted imaging (DWI).

Usage of radiomics nomography with CE spectral mammography (CESM) can be used to detect malignant
and benign tumors of breast less than 1 cm in size". Similarly, a study concluded that a model based on
radiomics features extracted from diffusion kurtosis imaging (DKI), antibody-drug conjugate (ADC), and
quantitative DCE pharmacokinetic maps expresses a high capability to distinguish between malignant and
benign breast lesions'”’. Further, a T2-weighted imaging (T2WI)-based radiomics classifier may strongly
predict Ki-67 status in breast cancer patients; however, DCE-T1W1 radiomics features may not detect Ki-67
status™. Survival prediction models integrating imaging and genomic data have improved risk stratification
accuracy, allowing more personalized treatment planning and potentially enhancing long-term survival.

Al IN BREAST CANCER DIAGNOSIS

AT approaches may be utilized to combine the mathematical descriptors of picture characteristics into a
diagnostic output™. AI algorithms characterized by complex logical functions, mathematical frameworks,
and performance of human-like cognitive tasks are the backbone of computational radiology””. Al
encompasses ML and DL sub-domains that can operationalize problems such as bulk identification in
breast cancer®™. ML can handle enormous datasets and recognize patterns, which could be used for



Preetam et al. J Cancer Metastasis Treat. 2025;11:29 | https://dx.doi.org/10.20517/2394-4722.2025.74 Page 11 of 25

prediction based on the data structure™. In breast cancer screening, Al performs two fundamental
operations: object detection (i.e., segmentation) and categorization (e.g., malignant vs benign). To reduce
differences in intensity level and brightness, images are first normalized. For image processing, DL-based
CNN (DCNN), comprised of many kernels for extracting feature maps and an activation function, is
extensively utilized®”. The U-shaped network (U-Net) or Volumetric Network (V-Net) models for
segmentation applications and quicker region-based CNNs (RCNNs) for object identification tasks in real-
time have recently been created. Firstly, the input picture is processed by a CNN, which produces feature
maps. A region proposal network (RPN), which contains a classifier and regressor to separate the
foreground of the image from the background, is the second component of the faster RCNN design®’.

Dheeba et al. recently examined and researched faster R-CNN for mammographic lesion identification.
RPN was incorporated into the framework to conduct object-independent detection and localization
operations. The CNN component was then employed to perform classification jobs which would diagnose
malignant and benign lesions in full-field digital mammograms (FFDM) through a 16-layer DCNN"*",

Yala et al. developed a particle swarm optimized wavelet neural network (PSOWNN) for classification of
lesions and calcifications as malignant or benign"*!. DL models have recently been used to triage cancer-
free mammograms to improve radiology operations. Scientists have observed that when trained on a large
data set of mammographic lesions, a DL model in the form of a CNN can learn from data rather than
subject expertise and outperform a state-of-the-art system in CAD, thus demonstrating enormous potential
for fast and accurate breast cancer diagnoses.

Deep learning

Deep learning (DL) is the most progressive discipline of ML that involves a system of artificial neural
networks (ANNs) that can recognize and classify tasks"*”. DL architectures automatically create the data
representations required for detection or classification based on the raw data input. Raya-Povedano et al.
proved that AI systems could save up to 70% of labor in breast cancer screening using DM and DBT
without losing sensitivity"””. For the objective of mass detection in DBT, Fotin et al. compared the
performance of traditional CAD (CADe) to that of DL CNNs. Switching from a conventional to a DL
technique increased sensitivity from 83.2% to 89.3% for regions of interest (ROIs) designated as containing
suspected lesions, and from 85.2% to 93.0% for ROIs marked as containing malignant lesions""".

Fully convolutional network

Convolutional, pooling, and up-sampling layers are entirely locally connected layers that are characteristic
features of fully convolutional networks (FCNs), proposed by Long et al."*. This network analysis lowers
the number of parameters by omitting dense layers, speeding up the training processes. FCNs additionally
contain down-sampling (encoder) and up-sampling (decoder) paths for image extraction and interpretation
and analysis of localization context. Images of variable sizes can be used as inputs for FCNs. To make up for
the loss of fine-grained spatial information along the down-sampling path, the network additionally uses the
concept of skip connections.

A fully automated DL-based approach to assess breast density from mammograms was described by Lee
and Nishikawa"*. Breast and dense fibroglandular regions were segmented using an FCN. This model has
been linked to the Breast Imaging Reporting and Data System (BI-RADS®) approach, which is used to
evaluate breast percentage density (PD) and the fraction of dense tissue. An end-to-end FCN was set up by
Hai et al.'” to segment breast tumors. By including a multiscale picture, the authors were able to address
the variability in the shapes and sizes of aberrant tumors. More recently, Xu et al."™ suggested a
multichannel and multiscale FCN for mammography-based mass segmentation. Sathyan"* suggested a way
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to find anomalies such as bulk and calcification in breast cancers. A U-Net-based fully convolutional
architecture has also been used to segment the irregularities*. Later, Lima et al. suggested a completely
automated DL-based approach utilizing attention gates (AGs) and a densely connected U-Net"*'. In this
system, an encoder and a decoder branch were preferred. AlGhamdi et al. created a model to find breast
arterial calcifications using U-Net with dense connection. The model relied on enhancement of the gradient
flow and enabled the reuse of previously completed computations, both of which increased model

accuracy'.

Generative adversarial networks

Generative adversarial networks (GANs) were first proposed as a tool for data analysis in 2014"*?. Since
then, researchers have frequently used them for data augmentation and sample production"”’. For instance,
Hussain ef al. investigated the use of GANs for data augmentation of mammographic datasets"'". In this
study, GAN architecture relied on generator and discriminator networks and the discriminator model was
trained on ground truth data, while the generator helped to produce high-quality images that attempted to
refine the model""*. Numerous GAN variations have been devised. Hence, Warnes et al. pulled out fully
connected hidden layers and implemented batch normalization*. Similarly, ROIs in mammograms can be
segmented using conditional generative adversarial networks (cGAN), and creation of binary masks relied
on training of the model to represent tumor masses''.

Wu et al. proposed the use of a class-conditional GAN to perform contextual in-filling and generate lesions
on original mammography images, showing that the model was capable of producing high-quality synthetic
images"”. In a subsequent study, they introduced a data augmentation method based on a U-Net
framework, incorporating self-attention and semi-supervised learning to add lesions to healthy
mammography patches and remove existing lesions from affected patches"'*. Another strategy employed a
progressively trained GAN to generate realistic, high-resolution synthetic mammograms"*. Additionally,
Becker et al. developed a method to insert and erase cancer features in mammograms, while also evaluating
whether expert radiologists could reliably distinguish AI-generated images. Their system’s ability to detect
abnormalities and estimate the likelihood of image manipulation was compared with expert performance.
However, this method involved a considerable compromise between image quality and the presence of
artefacts".

Artificial neural networks through machine learning

A computer system inspired by the biological neural network is known as an artificial neural network
(ANN)™". One of the most popular Al techniques for developing CADe systems for mammography
interpretation is the usage of ANNs. It can be used to classify the ROIs of an input mammogram in two
different ways when applied to mammograms; first, as a feature extractor, and second, as a classifier"”.

In order to analyse mammograms, Wu et al. trained a three-layer feed-forward neural network using hand-
labeled features from knowledgeable radiologists"*’. Fogel et al. introduced an ANN-based approach for
analyzing interpreted mammographic data, achieving an average ROC area of 0.91 in detecting suspicious

124]

masses, with 62% specificity and 95% sensitivity"**. Quintanilla-Dominguez et al. used a self-organizing

map and adaptive histogram equalization to address the identification of microcalcifications in tumors"*.
Computer simulations confirmed the model’s ability and usefulness to identify microcalcifications in
mammograms. An approach for identifying and classifying microcalcification clusters from digitised
mammograms was also put forth by Papadopoulos et al. Cluster identification, feature extraction, and
classification made up the method’s three steps, which together produced the final characterization*. A
technique was created by Garcia-Manso et al. to identify and categorise masses from mammograms. Blind

features were extracted using the Independent Component Analysis (ICA) method, with neural networks
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carrying out the classification"””. An ANN-based CAD system was created by Hupse et al. to identify
abnormal bulk and architectural distortions in mammograms'**. The CAD system performed nearly as well
as qualified industry experts. Tan et al. suggest yet another CAD method for the analysis and screening of
the features of mammographic images"*. Their system used ANNs to estimate the likelihood of a
mammogram being cancerous. A mass detection method built on the three steps of enhancement,
characterization, and classification was introduced by Mahersia et al."*". For this study, the wavelet domain
was utilised to segment the breast mass using a Gaussian density function. Back-propagation networks and
techniques from the adaptive network-based fuzzy inference system (ANFIS) have also been used in a
comparative classification method"*".

Computer-aided detection

Computer-aided detection (CADe) systems aim to detect suspicious lesions with either masses of soft tissue
and/or clusters of calcified tissues, and hence can significantly improve the detection of cancerous or
metastatic tissue®”.. Computer-aided diagnosis (CADx) systems, on the other hand, aid in the
classification of the distinct types of breast cancers. All standard CADe algorithms use the same three-step
strategy; first, normalization of the image to a “reference” intensity distribution (reference intensity may be
an arbitrary intensity distribution) and/or processing of the images for improving the ability to detect
suspicious signals"*>"**. Second, identification of the areas in the images that contain suspicious signals, and
third, reduction in the number of identified regions by predicting the likelihood of the presence of an actual
lesion in each region"*.. Therefore, the core steps in a CADe system include image pre-processing,
segmentation, feature extraction, and final classification into benign and malignant. Data preparation is the
initial stage in making raw data more suited for future analyses. As such, image pre-processing may be an
efficient strategy in CAD-aided breast cancer assessment*. In 1967, Winsberg et al. published the first
research on computerised mammographic image analysis, which included an automated system that
compared and analysed density patterns in various regions inside a single breast and between left and right
breasts They found that irregularities in the conditions (tissue slice preparation, lightning conditions, etc.)
under which digital images are acquired may result in changes in image colour and quality"*. Color
normalization may be used to separate colour and intensity information with the help of principal
component analysis (PCA)"”. CADx algorithms use an approach similar to the final CADe step but do not
employ a threshold to determine whether a previously detected lesion is malignant or benign"**. Both
viable options are DL and conventional approaches to designing a CAD system. Traditional CAD methods
extract features from images utilizing human-defined descriptors for classification"*). DL CAD methods are
automated learning methods that can identify data representations by translating input data into several
levels of abstraction.

137

Design of computerized image analytical approaches for diagnosing, characterizing, and detecting lesions
on breast mammograms has been on the rise in recent years*". These strategies take digital image data as
input and then generate clinically useful information, such as the characterization and location of a
suspicious lesion"*. They predict the likelihood of malignancy of the suspicious lesions, and/or numerical
indices of breast cancer risk, with the computer acting as a second reader, similar to a spell checker in the
protocol of screening for breast cancers'*”. Because microcalcifications differ greatly from normal breast
structures and are frequently ignored by radiologists, most automated detection systems for mammographic
analyses have focused on the identification of clustered microcalcifications and mass lesions"*'. The
knowledge that clinically significant microcalcifications are clustered, the spatial distribution of
calcifications, the variations of individual features within a cluster, and the radiographic presentation of
individual calcifications (e.g., brightness, area, and shape) are all used to create mathematical descriptors for
calcifications”>"””. Many radiologists utilize breast sonography to differentiate between solid lesions and
cysts, although it might still be difficult to discern between benign solid lesions and malignant lesions.
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Interestingly, in one study, 55 radiologists used a commercial CAD system to examine mammographic data
from 12,860 patients. They found a 19.5% increase in cancer diagnoses and an 18.5% increase in recall
rate!"*”),

While there are many different methods for performing biological image processing tasks, the clinical
recognition of ROIs from digital images is facilitated by CADe. Once suspicious regions are detected, CADe
systems classify them as either masses or non-masses. In contrast, CADx approaches are designed to assess
the malignancy of identified masses"*!, thereby supporting radiologists in recommending biopsies,
additional examinations, or treatment options*!. Existing methods in the literature can broadly be
categorized into three groups'*!. Those based on low-level image feature extraction, ML techniques, and DL
models. CADe methods that rely on low-level features typically analyze characteristics such as shape,

[145

texture, and local key-point descriptors to detect suspicious regions within mammographic images.

Shape-based features and descriptors for CADe analysis

Several techniques for detecting suspicious regions in mammograms focus on analyzing shape
characteristics such as compactness, fractal measures, concavity, and morphological operators. Shape-based
feature analysis methods are generally grouped into two categories: One, those that perform numerical
analysis of shape descriptors, and the other that utilize shape descriptors as inputs for classifiers or neural
networks!*.

Fractal analysis was used by Raguso et al."*” to address the classification of breast masses. Since breast mass
contours vary in their complexity of shape, the fractal dimension is used as a distinguishing characteristic.
According to Eltonsy et al., concentric layers emerge around activity regions in breast parenchyma
structures due to a mass's expansion. These so-called multiple concentric layers (MCLs) may be employed
to identify the activity sites"**. The foundation of the MCL-detection technique is the morphological
examination of the concentric layer model. The detection of mammography masses was tackled by using a
boundary segmentation method"*!. The authors suggested a spiculation index based on the degree of
spicule narrowness and the concavity fraction of a mass boundary. The spiculation index, fractional
concavity, and the global shape attribute of compactness can be integrated for the boundary segmentation
challenge. For the purpose of expanding on shape characteristic descriptors, Surendiran and Vadivel
examined the distribution of shape features such as circularity, dispersion, standard deviation,
elongatedness, eccentricity, and compactness"*. A technique based on morphological operators and

geometry was put out by Mustra et al. for precise nipple recognition in craniocaudal mammograms"*".

A technique has been developed to transform 2D breast mass contours in mammography into a 1D
signature, providing a description of breast mass regularity and shape characteristics. The four local features
that make up the contour descriptor were taken from subsections. The root mean square (RMS) slope
served as the contour descriptor. Furthermore, benign and malignant tumors were classified using K-
Nearest Neighbor (KNN), Support Vector Machine (SVM), and ANN classifiers"*”. To distinguish between
benign and malignant masses, Elmoufidi et al. suggested a multiple instance learning strategy based on the
examination of combined texture and form data. They approached the classification problem utilizing
features such as the ROT’s equivalent circle and bounding box"**),

To classify microcalcification, a study compared multi-wavelet, wavelet, Haralick, and form features. Using
the aforementioned qualities, it provided evidence for the possibility of extraction of a number of beneficial
properties concurrently, including symmetry, orthogonality, short support, and a greater number of
vanishing moments"*". Testing the utility of Zernike moments as shape descriptors for mammography
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classification was done by Felipe ef al."*. The pixel values of images used to calculate Zernike moments
were found to preserve shape-related pattern information. Soltanian-Zadeh et al. reported two image-
processing techniques for differentiating benign from malignant microcalcifications in mammograms
without the need for biopsies"*". The authors used the first technique to extract 17 form features from each
mammogram. These characteristics were connected to the clusters or individual morphologies of
microcalcifications. The co-occurrence approach of Haralick, used in the second method, extracted 44
texture features from each mammogram. A genetic algorithm was then used to extract the best
characteristics from each set by maximising the area under the ROC curve. A malignancy criterion and a k-
nearest neighbor (kNN) classifier were used to produce this curve. In the final stage, ROCs with the biggest
regions achieved using each technique were compared. A shape-based method for classifying
microcalcification clusters was also presented by Zyout et al."””. The suggested diagnosis method used a
feature selection framework called particle swarm optimization and kNN (PSO-kNN), which is an
integrated method for completing the feature selection and classifier learning tasks. Sahiner et al. have
developed a three-stage segmentation method based on clustering, active contour, and spiculation detection
stages to address the characterization of breast masses on mammograms'*”. Following segmentation,
morphological features were extracted and used to define the mass’s shape.

Texture-based features and descriptors for CADe analysis

In visual content, texture reveals visual patterns; however, the variability and diversity of natural images
make the analysis and description of these textures very challenging. Haindl et al. proposed a method that
utilizes textural features derived from co-occurrence matrices, wavelet, and ridgelet transforms of
mammograms to identify suspicious regions in craniocaudal views"*. In addition to these features,
attributes such as entropy, energy, mean, sum variance, and cluster tendency were computed and optimized
using genetic algorithms. More recently, Haindl and Remes developed an approach aimed at enhancing
suspected anomalies in breast tissue, including microcalcifications and masses, to aid radiologists in early
cancer detection"*. Their method applied a 2D adaptive causal autoregressive texture model to characterize
local textural properties, integrating over 200 local cues across multiple frequency bands into a single
multichannel image through the Karhunen-Lo¢ve transform"*. A lattice-based framework in which a
regular grid was applied to mammograms, with local windows centered on each lattice point to extract
textural features. Building on this, an automated CADe system was developed that leverages both local and
discrete textural features for the detection of mammographic masses'*. According to this study,
segmentation of adaptive square suspicious areas was found to be more informative for breast cancer
diagnoses, with the suspicious regions having local textural variations and discontinuous photometric
distributions which were described using the co-occurrence matrix and optical density transformation.

The idea of texture flow-field analysis was introduced to mammography analysis by Mudigonda et al."*". In
recent years, the effectiveness of texture analysis in mammography to distinguish breast tumors from
normal tissue has been amply evidenced for"*”. Quintanilla-Domnguez et al. used the top-hat transform to
analyse and improve ROIs in mammograms"*”. Top-Hat transformation improved contrast between
backdrop, clearly defined/circumscribed, vaguely defined, and postulated masses, and architectural
distortions and asymmetries"*". Extraction of statistical variables such as mean and standard deviation was
followed by employment of K-means clustering and SOM (self-organizing maps) for grouping and labeling.
Using a generative technique to extract recognisable textures to identify the architectural aberrations in
mammograms. The multiscale-oriented filter bank made up this study's first layer of architecture. The
representation of textural primitives was then handled by a mixture of Gaussian smoothing in the second
layer of the suggested model. Similarly, Mudigonda et al. used Gaussian smoothing and sub-sampling
techniques to pre-process mammograms. Mass segmentation was performed by creating intensity linkages
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between the central parts of masses and their surrounding space, and mammogram regions were
categorised using flow direction in pixels across adaptive sections of masses"". Lastly, the scientific
community received a graphics processing unit (GPU) computing version of Gray-Level Run-Length
Matrix (GLRLM) from Hung and Lin"*, which significantly increased the speed of extraction of texture
features from mammograms.

Local keypoint descriptors

Local keypoints and the descriptors that are associated with them, including Speeded Up Robust Features
(SURF)!* and the scale-invariant feature transform (SIFT)"*”, have been popular in many computer
vision-related fields"*". Biomedical researchers have been using local keypoint descriptors to identify ROIs
in digital pictures due to the differences in lighting conditions, spatial noise distribution, and geometric and
photometric modifications in images"*. Jiang et al. were possibly the first to specifically investigate
mammographic ROIs using an approach based upon keypoint descriptors"®. They compared language
trees, all of which contained the quantized aspects of previously identified more than 11,000
mammographic ROIs and the SIFT descriptors generated from the ROIs. The main topic of Guan et al.'s
study was the liability of SIFT keypoints on microcalcification segmentation in images from the
Mammographic Image Analysis Society (MIAS) dataset!”!. Further, a SURF-based technique was proposed
by Insalaco et al. for identifying suspicious areas in mammograms; the three primary automated steps being
pre-processing, feature extraction, and selection. The technique enabled the extraction of characteristics
from mammograms with varying dynamic grey intensity levels"”. Utomo et al. tested several well-known
scale- and rotation-invariant local features to identify which of these could take on the role of the
convolutional layers in CNN models when applied to images from the MIAS dataset as shown in Figure 5A
and BI'?.

According to their studies, SIFT and SURF were the best for the intended purpose. To identify ROIs in
mammograms, Salazar-Licea et al. introduced a method that combines SIFT characteristics and K-means
clustering. Employing picture thresholding and contrast-limited adaptive histogram equalization, they
improved the image quality and the detection of ROIs in mammograms!”*'7.

CHALLENGES AND FUTURE

Despite substantial progress, the real-world implementation of AI in breast cancer care faces several
important challenges. A major barrier is data standardization - imaging modalities, acquisition parameters,
and annotation protocols vary across institutions, which complicates the training and generalizability of Al
models. Related to this is the problem of bias and generalizability, as algorithms often perform well in
controlled research settings but fail to replicate accuracy across diverse patient populations, particularly
when underrepresented groups are excluded from training datasets. Ethical and medico-legal implications
also remain unresolved. The “black box” nature of many DL algorithms raises accountability questions in
clinical decision-making: if an Al system misclassifies a lesion, it is unclear whether responsibility lies with
the software developers, the clinician, or the institution.

From a regulatory standpoint, Food and Drug Administration and European Medicines Agency approvals
for Al-based medical devices require rigorous validation, reproducibility, and post-market surveillance,
which many experimental models currently lack. This regulatory gap slows down clinical translation and
adoption. Additionally, integration into clinical workflows requires not only technical interoperability but
also clinician training and acceptance, both of which remain significant barriers. Looking forward, the
future of Al in breast cancer depends on collaborative, multicenter trials that validate algorithms in real-
world settings, the development of explainable Al to improve transparency and trust, and clearer regulatory
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Figure 5. (A) Taxonomy of breast cancer diagnosis. (B) CNN-based model for breast cancer diagnosis. Reprinted from"”*!,2021 MDPI.

frameworks to ensure patient safety. Ethical frameworks addressing bias, fairness, and medico-legal liability
will also be essential. With these advances, AI has the potential to evolve from a research tool into a trusted
partner in personalized breast cancer care.

Despite promising results, one major issue is bias and generalizability, as models frequently inherit bias
from training datasets that may underrepresent certain ethnic groups or imaging modalities, reducing their
performance across diverse populations. Data privacy and security also remain pressing concerns, since the
use of patient imaging and genomic data requires robust de-identification strategies and secure storage
systems. Furthermore, clinical integration barriers persist, as many Al applications remain in the research
phase and face hurdles related to regulatory approval, interoperability with existing hospital information
systems, and the need for clinician training. Another critical limitation is the interpretability or “black box”
problem, where DL models achieve high accuracy but lack transparency, making it difficult for clinicians to
fully trust or understand their decision-making processes. Finally, validation and reproducibility pose
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significant challenges, as only a small number of AI studies have undergone large-scale, prospective,
multicenter trials needed to establish their reliability and clinical utility.

CONCLUSION

Herein, we describe in detail the different techniques used to diagnose breast cancer. We discuss the pitfalls
of traditional diagnostic methods such as mammography, sonography, and MRI, which rely mainly on
subjective evaluations, including tumor morphology, enhancement type, and anatomical connections to
adjacent tissues. The uses of computerized methods for detecting breast cancer, such as CADe and CADx,
have been discussed in detail. CADe systems aim to detect suspicious lesions, either masses of soft tissue
and/or clusters of calcified tissues; thus, CADe involves the detection of cancer or metastatic tissue. CADx
systems help determine the distinct types of breast cancer. In addition to all combinations with imaging
techniques, the authors also delineate the advantages of the application of state-of-the-art Al techniques in
diagnosing breast cancer. Al approaches may be particularly suitable for combining the mathematical
descriptions of image characteristics into a diagnostic output. It enables pixel-level characterization of the
images allowing establishment and classification of the location of the lesion. Al encompasses ML and DL
subdomains that can operationalize problems such as bulk identification in breast scan images. Scientists
have observed that when trained on an extensive dataset of mammographic lesions, a DL model in the form
of a CNN can outperform a state-of-the-art system in CAD, thus demonstrating an enormous potential as a
promising technique. CNNs can learn from data rather than subject expertise, making development easier
and faster. Multiple studies have confirmed that Al-based diagnostic methods provide better accuracy than
other methods. The differences between CNN-based methods for mammographic CAD have also been
discussed. Further studies in this area could explore various aspects of AI-based combinational imaging
techniques, such as developing more sophisticated algorithms for image analysis and feature extraction,
optimizing imaging protocols, and integrating different data sources for more comprehensive analyses.
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